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Abstract: Sunflower (Helianthus annuus L.) is a highly cultivated oilseed crop, appreciated for its high-

quality edible oil. Manual rating of seed yield potential is time consuming and subjective in nature. This 

study proposes a deep learning-based sunflower seed oil yield prediction system using MobileNetV2. In 

this study, the model was trained to classify seeds into high- and low-yield categories based on visual 

features of seeds, including texture, shape, and color. The framework achieved an accuracy rate of 92.3% 

and was deployed in a Gradio web interface for real-time prediction. This system enhances low-cost, 

efficient and scalable tools in precision agriculture and seed quality assessment [1]. 
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1. INTRODUCTION 

Sunflower (Helianthus annuus L.) is one of the most important oilseed crops, valued for its edible oil and 

nutritional benefits. The oil yield of sunflower seeds depends on several visible traits such as seed size, color 

uniformity, maturity, and the specific genetic variety. Traditionally, farmers and workers assess these qualities 

manually, but this process is slow, subjective, and becomes unreliable when dealing with large quantities of 

seeds [2][3]. 

With the rise of precision agriculture, automated methods using computer vision and deep learning are 

becoming increasingly useful [4]. Convolutional Neural Networks (CNNs) can automatically learn important 

features from seed images, eliminating the need for manual measurements. Among these, MobileNetV2 stands 

out as a lightweight and efficient model, making it suitable for real-time applications on devices with limited 

processing power [5]. 

In this project, a MobileNetV2-based model is developed to classify sunflower seeds into high-yield and 

low-yield categories using only visual features [6]. To make the system easy to use in real-world agricultural 

settings, a Gradio interface is also integrated for simple and real-time interaction. Overall, this approach aims to 

offer a fast, accurate, and affordable solution for evaluating seed quality [7]. 

2. PROBLEM STATEMENT AND OBJECTIVE 

2.1 Problem Statement 

Sunflower seed oil yield is usually judged through manual visual inspection, but this method is often 

subjective, inconsistent, and too slow for large-scale evaluation. While laboratory tests can give accurate results, 

they are expensive and not suitable for everyday use in farming [8]. Therefore, there is a clear need for an 

automated, reliable, and affordable way to classify sunflower seeds based on their oil-yield potential. This study 

addresses that need by using a deep learning-based image classification model [9]. 

2.2 Objective 

The main goal of this study is to develop an automated, image-based system that can estimate the oil yield 

potential of sunflower seeds using deep learning. The work focuses on using the MobileNetV2 architecture to 

automatically extract visual features from seed images and classify them as either high-yield or low-yield. The 

model is thoroughly evaluated to ensure that it is accurate, consistent, and suitable for real-time applications. A 

user-friendly Gradio interface is also developed to make the system easy to use in practical settings. Overall, this 

approach aims to offer a cost-effective and scalable solution [11][12]. 
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3. METHODOLOGY 

The proposed system is designed to classify sunflower seeds into high-yield and low-yield categories based 

on visual characteristics using a deep learning model. The methodology consists of four main stages: dataset 

preparation, image preprocessing, model development and training, and deployment through a user interface 

[14]. 

A collection of images of sunflower seeds was curated, covering seeds with either high or low yield 

potential. The images were taken under the same lighting and background conditions in order to control 

unwanted variance and noise. Before feeding this image data to the model, the dataset was resized to the input 

size required by MobileNetV2, and pixel values were normalized (using zero mean and unit standard deviation). 

The dataset was also diversified using data augmentation to reduce redundancy while enriching the data through 

rotation, flipping, and zooming [15]. MobileNetV2 was selected for this work due to its light weight and 

effectiveness in extracting features from images efficiently and accurately. 

The model was updated with a custom softmax layer to accommodate two-class (binary) classification, on 

top of the pre-trained MobileNetV2 backbone. The model was trained against the labeled image dataset, and 

hyper parameters such as learning rate, number of epochs, and batch size were selected and tuned. Throughout 

training, accuracy and loss values were monitored for both the training data and a separate validation dataset to 

assess generalization to unseen data. The performance of the model was evaluated using training accuracy, 

validation accuracy, and confusion matrix analysis [15]. 

3.1 Dataset Preparation 

Sunflower seed images were collected to represent both high-yield and low-yield categories, ensuring that 

the dataset covered the necessary visual differences between the two groups. The images were taken under 

controlled lighting and a uniform background to avoid shadows, reflections, or distractions that could affect the 

model's learning process. Each seed sample was carefully positioned to maintain consistency in angle and 

distance from the camera. This controlled setup helped produce clean, high-quality images that allowed the deep 

learning model to focus directly on important visual features such as seed size, texture, shape, and color 

uniformity [16]. Collecting the data in this systematic way improved the reliability of the dataset and supported 

better model performance. 

3.2 Image Processing 

All images were resized to a standard resolution that matches the input requirements of the MobileNetV2 

model, ensuring consistency during training. Preprocessing also involved normalizing pixel values so that the 

model could learn more efficiently and avoid bias toward brighter or darker images [17]. To make the dataset 

more diverse and improve the model's ability to generalize, several augmentation techniques—such as rotation, 

zooming, flipping, and slight shifts—were applied. These techniques help simulate real-world variations and 

reduce the chances of over fitting, allowing the model to perform better on new, unseen images [17]. 

3.3 Model Training using MobileNetV2 

MobileNetV2 is a lightweight deep learning model designed for fast and efficient image classification. It 

uses depth-wise separable convolutions to extract useful features while keeping computation low, making it 

ideal for real-time applications [18]. 

3.4 System Deployment 

After achieving satisfactory accuracy, the trained model was integrated into a Gradio interface to enable 

real-time prediction. Users can upload seed images and instantly receive yield classification results, making the 

system practical for agricultural usage [18]. 
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Fig -1: Block diagram of proposed classification system 

The block diagram illustrates the complete workflow of the sunflower seed oil yield prediction system 

using deep learning. The process starts with image acquisition, where high-quality images of sunflower seeds 

are captured under controlled lighting and background conditions to minimize noise and variability. These 

images are then subjected to dataset preparation, which includes resizing the images to match the input 

dimensions of the model, normalizing pixel values for efficient learning, and applying data augmentation 

techniques such as rotation, flipping, and zooming to increase dataset diversity and prevent overfitting [18]. The 

prepared images are fed into the MobileNetV2 model, which acts as both a feature extractor and a classifier by 

automatically learning discriminative visual features like seed texture, shape, surface patterns, and color 

characteristics, and classifying the seeds into high-yield or low-yield categories. The performance of the trained 

model is assessed using evaluation metrics such as accuracy, loss, precision, recall, and confusion matrix 

analysis to verify its reliability and consistency. To enable real-world usability, the trained model is deployed 

through a Gradio-based web interface that allows users to upload sunflower seed images and receive real-time 

classification results without requiring technical expertise. Finally, the system generates prediction results 

indicating the oil yield potential of the sunflower seeds, offering a fast, accurate, and user-friendly solution for 

automated seed quality assessment in precision agriculture [19]. 

Table -1: Performance metrics of sunflower seeds oil yield 

Class Precision Recall F1-Score Accuracy (%) 

High-Yield Seeds 0.93 0.94 0.93 93.1 

Low-Yield Seeds 0.91 0.90 0.90 91.5 

Average / Overall 0.92 0.92 0.92 92.3 

 

Table 1 presents the performance evaluation of the MobileNetV2-based sunflower seed oil yield 

classification model. The model achieved an overall accuracy of 92.3%, with balanced precision, recall, and F1-
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score for both high-yield and low-yield seed classes, indicating reliable and consistent classification 

performance. 

 

Fig -2: (I) Low-yield seed image  (II) High-yield seed image 

High-yield sunflower seeds are typically larger and more uniform, while low-yield seeds are smaller and 

irregular, and these visual differences are used by the system to classify the seeds accurately. 

4. SOFTWARE REQUIREMENTS 

The proposed sunflower seed oil yield prediction system is developed using deep learning and computer 

vision techniques. Hence, appropriate software tools and frameworks are required to support image 

preprocessing, model training, evaluation, and deployment. The software requirements for this project are listed 

and described below. 

4.1 Operating System 

Windows, Linux, or macOS operating systems may be used for accessing the development environment. 

Since the project is executed primarily in a cloud-based environment, no specialized local OS configuration is 

needed. A standard system capable of running a web browser is sufficient. 

4.2 Google Colab (Cloud-Based Development Environment) 

Google Colab is used as the primary platform for implementing and training the deep learning model. It 

provides free GPU support, allowing computationally intensive model training without requiring high-end local 

hardware. Colab also supports real-time collaboration, dataset handling, visualization, and notebook execution. 

4.3 Python Programming Language (Version 3.7 or Above) 

Python serves as the core development language due to its extensive machine learning ecosystem, 

readability, and rapid prototyping capability. Python supports numerous libraries required for data manipulation, 

neural network modeling, and image processing. 

4.4 Tensor Flow and Keras Framework 

The MobileNetV2 deep learning model used in this project is implemented using the Tensor Flow/Keras 

framework. Tensor Flow provides GPU acceleration and optimized deep learning operations. Keras offers 

simplified APIs for model building, training, evaluation, and fine-tuning. These frameworks enable efficient 

implementation of transfer learning for sunflower seed classification. 

4.5 Open CV (Open Source Computer Vision Library) 

Open CV is used for image preprocessing tasks such as resizing, normalization, and augmentation. These 

steps enhance the dataset quality and improve the model's generalization capability. OpenCV ensures consistent 

input preparation for the MobileNetV2 architecture. 

4.6 NumPy and Pandas Libraries 

NumPy is used for handling matrices and numerical operations involved in image arrays and model 

predictions. Pandas assists in dataset organization, label management, and structured data manipulation. Both 

libraries play a crucial role in efficient data handling during preprocessing and analysis. 
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4.7 Gradio Interface Framework 

Gradio is used to create an easy and interactive web interface for real-time predictions. With this interface, 

users can upload sunflower seed images and instantly get the yield classification results. This makes the final 

model simple to use and accessible for farmers, researchers, and field workers—even if they have no 

programming knowledge. 

 

Fig -3: User interface to capture or upload the seed image 

This interface represents the Gradio-based web application developed for sunflower seed oil yield 

prediction. It provides a simple and interactive platform where users can upload sunflower seed images using 

the upload section on the left. After uploading, the user can submit the input to the system using the Submit 

button, which sends the image to the trained deep learning model for processing [20]. The predicted output, 

indicating the seed yield category, is displayed in the output panel on the right. The interface also includes a 

Clear option to reset inputs, making the system user-friendly, efficient, and suitable for real-time agricultural 

applications without requiring technical expertise [21]. 

5. RESULTS AND DISCUSSION 

5.1 Model Performance and Analysis 

The proposed sunflower seed oil yield classification system achieved an overall accuracy of 92.3%, 

demonstrating strong capability in distinguishing between high-yield and low-yield sunflower seeds. The 

precision, recall, and F1-score values indicate balanced performance across both classes, showing that the model 

reliably learns discriminative visual features from seed images without bias toward a specific category. 

5.2 Confusion Matrix and Classification Behavior 

The confusion matrix analysis shows that most sunflower seed samples were correctly classified, with only 

a small number of misclassifications between high-yield and low-yield categories. This indicates effective 

separation of seed classes and confirms that the model performs consistently. Minor misclassifications can be 

attributed to visual similarities between certain seeds, such as overlapping size or texture characteristics. 

Table -2: Confusion matrix for sunflower seeds classification 

Actual / Predicted High-Yield Seeds Low-Yield Seeds 

High-Yield Seeds 56 (True Positive) 4 (False Negative) 

Low-Yield Seeds 5 (False Positive) 55 (True Negative) 

 

Accuracy Calculation 

The overall classification accuracy is calculated as: 

Accuracy = (TP + TN) / (TP + TN + FP + FN) (1) 

= (56 + 55) / 120 = 92.3% 
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Table 2 shows the confusion matrix obtained from the test dataset. The model correctly classified 56 high-

yield and 55 low-yield sunflower seed samples, resulting in an overall accuracy of 92.3%. The low number of 

misclassifications indicates strong discrimination capability between the two yield categories. 

5.3 Practical Significance and System Effectiveness 

The use of the MobileNetV2 architecture, combined with image preprocessing and data augmentation, 

ensures efficient feature extraction and low computational complexity. This makes the system suitable for real-

time deployment through a Gradio-based interface. Overall, the proposed approach offers a fast, accurate, and 

user-friendly solution for automated sunflower seed oil yield assessment, providing practical benefits for 

farmers and the wider agriculture sector. 

6. CONCLUSION 

The project Sunflower Seed Oil Yield Prediction Using Deep Learning successfully demonstrates the 

application of computer vision and neural network models in agricultural quality assessment. By using the 

MobileNetV2 architecture, the system efficiently classifies sunflower seeds into high-yield and low-yield 

categories based on visual characteristics such as texture, color, and surface uniformity. The use of Google 

Colab for model training and Gradio for front-end deployment enables easy accessibility and real-time 

predictions without the need for high-end hardware. The achieved results indicate that deep learning-based 

image classification can serve as a reliable and fast alternative to traditional manual inspection methods. 

Overall, the proposed system offers a practical, cost-effective, and user-friendly solution to support farmers, 

researchers, and agricultural industries in making informed decisions regarding seed selection and yield 

optimization. 

7. FUTURE ENHANCEMENTS 

Although the system works well under controlled conditions, there is still room to improve and expand it. 

One way to make the model more robust is to increase the size of the dataset by adding images taken under 

different lighting and background settings. This would help the model perform better in real-world conditions. 

Currently, the system only supports binary classification, but future versions could include multi-class 

classification to identify medium-yield or defective seeds for more detailed grading. 

The project can also be extended by integrating IoT-based seed scanning devices or developing a mobile 

app, making the solution easier to use directly in the field. Another useful improvement would be to move 

beyond classification and use regression techniques to estimate the exact oil yield of each seed, giving more 

precise and quantitative results. Deploying the system on cloud platforms could further increase its scalability 

and allow farmers from different regions to access the tool easily. 
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