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ABSTRACT 

 

Rice seed germination assessment is a critical agronomic process that directly influences crop yield, seed quality 

assurance, and large-scale agricultural productivity. Traditional germination evaluation techniques rely heavily on 

manual inspection and conventional machine learning models, which often fail under class-imbalanced conditions 

where non-germinated or weak seedlings dominate dataset distributions. This study proposes a class-imbalance aware 

deep learning framework designed to enhance classification accuracy and robustness in rice seed germination and 

seedling identification tasks. The proposed approach integrates imbalance-sensitive learning strategies with 

convolutional feature extraction to improve discriminatory capability between germinated and non-germinated seed 

categories. Existing studies highlight the effectiveness of machine learning and deep neural networks in seed 

classification tasks but also emphasize persistent challenges arising from skewed datasets (Genze et al., 2020; Gulzar 

et al., 2020). 

The framework builds upon foundational principles of seed science and germination biology, where physiological 

seed enhancements and germination behavior are critical determinants of classification accuracy (Copeland and 

McDonald, 2001). Furthermore, imbalance learning strategies such as oversampling, cost-sensitive optimization, and 

ensemble modeling are incorporated to mitigate bias toward majority classes (Gosain and Sardana, 2017; Feng et al., 

2021). Experimental insights from prior research demonstrate that deep convolutional neural networks outperform 

traditional classifiers like SVM and logistic regression in visual seed quality assessment tasks when properly tuned 

for imbalance handling (Hidayat et al., 2023; Mohan and Raj, 2020). 

The proposed framework contributes to the field by offering a structured integration of deep feature learning and 

imbalance-aware optimization, enabling improved classification performance, scalability, and real-world 

applicability in precision agriculture systems. 
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INTRODUCTION  

Background and Motivation 

Rice is one of the most essential staple crops globally, 

and its productivity is strongly dependent on seed quality 

and germination efficiency. Germination is a biological 

process influenced by seed vigor, environmental 

conditions, and physiological readiness. According to 

seed science fundamentals, germination potential is 

closely linked with internal seed enhancements and 

biochemical activation mechanisms (Copeland and 

McDonald, 2001). Accurate evaluation of germination is 

therefore crucial for agricultural planning, seed 

certification, and yield optimization. 

In modern agriculture, manual germination testing is 
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increasingly being replaced by automated systems using 

computer vision and machine learning. However, these 

systems often suffer from data imbalance, where non-

germinated seeds or defective seedlings dominate 

datasets. This imbalance leads to biased learning, 

reducing the reliability of classification models in real-

world applications. 

Problem Statement 

Despite advances in deep learning and image-based 

classification systems, rice seed germination datasets 

typically exhibit severe class imbalance. Most models 

tend to overfit majority classes, leading to poor 

sensitivity toward minority classes such as early-stage 

germinated seeds or partially developed seedlings. 

Existing research shows that even advanced models like 

CNNs and ensemble methods struggle under skewed 

distributions without explicit imbalance handling 

strategies (Johnson and Khoshgoftaar, 2019; Oksuz et al., 

2021). 

Research Objectives 

The primary objectives of this study are: 

1. To design a deep learning-based framework 

capable of handling class imbalance in rice seed 

germination datasets.  

2. To improve classification accuracy for both 

germinated and non-germinated seed categories.  

3. To enhance robustness in seedling identification 

under real-world agricultural conditions.  

4. To integrate imbalance-aware learning strategies 

with convolutional feature extraction techniques.  

Scope and Significance 

The scope of this research lies in agricultural image 

classification, specifically focusing on rice seed 

germination analysis using AI-driven methodologies. 

The significance of this study extends to precision 

agriculture, automated seed grading systems, and 

agricultural decision support systems. By addressing 

class imbalance, the proposed framework enhances 

model fairness and predictive reliability, which are 

essential for large-scale agricultural deployment. 

Literature Review 

Seed Germination and Quality Analysis 

Seed germination is a biologically complex process 

influenced by genetic and environmental factors. Seed 

enhancement techniques play a crucial role in improving 

germination rates and uniformity (Copeland and 

McDonald, 2001). Traditional approaches rely on manual 

inspection, which is subjective and inconsistent. Recent 

advancements in image processing and AI-based systems 

have enabled automated germination detection with 

improved accuracy (Genze et al., 2020). 

Lurstwut and Pornpanomchai (2017) demonstrated that 

image-based analysis using color, shape, and texture 

features can effectively evaluate rice seed germination. 

However, such handcrafted feature methods lack 

scalability and robustness when applied to large datasets. 

Machine Learning and Deep Learning in Seed 

Classification 

Machine learning techniques such as SVM, ANN, and 

random forest have been widely applied in seed 

classification tasks (Ibrahim et al., 2019; Mohan and Raj, 

2020). Deep learning, particularly convolutional neural 

networks, has significantly improved performance in 

image-based agricultural classification tasks (Gulzar et 

al., 2020). 

Hidayat et al. (2023) demonstrated that CNN-based 

models outperform traditional machine learning methods 

in rice seed quality analysis. Similarly, Kiratiratanapruk 

et al. (2020) developed machine learning-based grading 

systems for paddy rice seeds, showing promising results 

in automated classification. 

Despite these advancements, model performance is often 

degraded in imbalanced datasets where minority classes 

are underrepresented. 

Class Imbalance in Machine Learning 

Class imbalance is a well-known challenge in 

classification problems where one class significantly 

outnumbers others. Studies have shown that standard 

classifiers tend to be biased toward majority classes, 

leading to poor generalization (Feng et al., 2021; Johnson 

and Khoshgoftaar, 2019). 

Various techniques have been proposed to address this 

issue, including oversampling, undersampling, cost-

sensitive learning, and ensemble methods (Gosain and 

Sardana, 2017; More and Rana, 2017). Deep learning 

approaches require specialized training strategies to 

handle imbalance effectively, as highlighted in neural 

network-based studies (Wang et al., 2016). 

Copeland and McDonald (2001) emphasize that 

biological variability in seed quality further complicates 

classification tasks, reinforcing the need for adaptive 

learning frameworks. 

Methodology 

Proposed Framework Overview 

The proposed system introduces a Class-Imbalance 
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Aware Deep Learning Framework (CIADLF) for rice 

seed germination classification and seedling 

identification. The framework integrates three core 

components: image preprocessing and feature 

standardization, deep convolutional feature extraction, 

and imbalance-aware optimization strategies. The design 

is motivated by limitations identified in prior studies 

where standard CNNs and machine learning classifiers 

fail to generalize under skewed class distributions 

(Johnson and Khoshgoftaar, 2019; Feng et al., 2021). 

The biological foundation of seed germination behavior 

is aligned with seed enhancement principles, where 

germination variability is influenced by physiological 

seed conditions and pre-treatment effects (Copeland and 

McDonald, 2001). This biological variability introduces 

inherent dataset imbalance, making robust modeling 

essential. 

Data Acquisition and Preprocessing 

Rice seed image datasets are typically captured under 

controlled laboratory or field conditions using high-

resolution imaging systems. The dataset includes 

multiple classes such as: 

• Germinated seeds  

• Non-germinated seeds  

• Partially germinated seedlings  

• Weak or abnormal seedlings  

Preprocessing steps include normalization, noise 

reduction, and augmentation. Data augmentation 

techniques such as rotation, flipping, and brightness 

adjustment are applied to reduce overfitting and improve 

generalization, particularly for minority classes. 

Image-based seed classification studies highlight that 

preprocessing significantly improves feature 

separability, especially when dealing with morphological 

variations in seed structure (Lurstwut and 

Pornpanomchai, 2017). 

Convolutional Feature Extraction Module 

The core feature extraction is performed using a 

Convolutional Neural Network (CNN) architecture. 

CNNs are effective in capturing spatial hierarchies in 

image data, making them suitable for agricultural image 

classification tasks (Gulzar et al., 2020). 

The architecture consists of: 

• Convolutional layers for spatial feature 

extraction  

• ReLU activation for non-linearity  

• Max-pooling layers for dimensionality reduction  

• Fully connected layers for classification  

Mathematically, convolution operation is defined as: 

F(x)=(I∗K)(x)F(x) = (I * K)(x)F(x)=(I∗K)(x)  

where III represents the input image and KKK denotes 

the kernel filter. 

Previous research confirms that CNN-based models 

outperform traditional classifiers such as SVM and ANN 

in rice grain classification tasks due to their ability to 

learn hierarchical representations (Hidayat et al., 2023; 

Mohan and Raj, 2020). 

Class Imbalance Handling Strategy 

To address dataset imbalance, the framework integrates a 

hybrid imbalance mitigation strategy consisting of: 

Weighted Loss Function 

Class weights are assigned inversely proportional to class 

frequency to penalize majority class dominance. 

Oversampling Mechanism 

Minority class samples (e.g., weak seedlings) are 

synthetically augmented using transformation-based 

augmentation techniques, consistent with oversampling 

principles in imbalance learning (Gosain and Sardana, 

2017). 

Cost-Sensitive Learning 

The model incorporates misclassification costs to ensure 

higher penalty for minority class errors. 

These strategies are aligned with established imbalance 

learning methodologies used in deep neural networks 

(Wang et al., 2016; Sun and Chen, 2021). 

Training and Optimization 

The model is trained using stochastic gradient descent 

with adaptive learning rate optimization. The objective 

function is defined as: 

𝐿 = ∑𝑖 = 1𝑛𝑤𝑖 ⋅ ℓ(𝑦𝑖, 𝑦^𝑖)𝐿 = \𝑠𝑢𝑚_{𝑖
= 1}^{𝑛} 𝑤_𝑖 \𝑐𝑑𝑜𝑡 \𝑒𝑙𝑙(𝑦_𝑖,
\ℎ𝑎𝑡{𝑦}_𝑖)𝐿 = 𝑖 = 1∑𝑛𝑤𝑖 ⋅ ℓ(𝑦𝑖, 𝑦^𝑖)  

where wiw_iwi represents class weights and ℓ\ellℓ is the 

cross-entropy loss. 

Regularization techniques such as dropout are used to 

prevent overfitting. Batch normalization stabilizes 

learning and improves convergence speed. 
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Evaluation Metrics 

Model performance is evaluated using: 

• Accuracy  

• Precision  

• Recall  

• F1-score  

• Confusion matrix analysis  

Special emphasis is placed on recall for minority classes, 

as imbalance-sensitive evaluation is critical in 

agricultural classification tasks (Feng et al., 2021). 

Results 

The proposed CIADLF framework demonstrates 

significant improvements in rice seed germination 

classification compared to conventional CNN and SVM-

based models. Experimental evaluation indicates that 

imbalance-aware training substantially enhances 

minority class recognition without degrading majority 

class performance. 

The CNN baseline model achieved high overall accuracy 

but exhibited poor recall for minority seedling categories. 

In contrast, the proposed framework improved recall and 

F1-score for germinated and weak seedling classes, 

indicating better class balance learning behavior. 

Incorporation of weighted loss functions and 

oversampling mechanisms reduced classification bias 

toward dominant classes. This aligns with findings that 

imbalance handling improves deep learning performance 

stability in agricultural datasets (Wang et al., 2016; 

Johnson and Khoshgoftaar, 2019). 

Furthermore, seed morphological variability, as 

highlighted in seed enhancement studies, was effectively 

captured by the CNN feature extractor, improving intra-

class discrimination (Copeland and McDonald, 2001). 

The system also demonstrated robustness under varying 

lighting and background conditions, which are common 

challenges in real-world agricultural imaging systems. 

Overall, the framework achieved: 

• Improved minority class detection sensitivity  

• Reduced misclassification of weak seedlings  

• Enhanced generalization across seed categories  

• Stable convergence during training  

These results confirm the effectiveness of integrating 

deep learning with imbalance-aware optimization 

strategies in agricultural classification tasks. 

Discussion 

The results highlight the critical importance of addressing 

class imbalance in agricultural image classification 

systems. While deep learning models are inherently 

powerful feature extractors, their performance is 

significantly influenced by dataset distribution 

characteristics (Feng et al., 2021). 

Traditional CNN-based seed classification systems tend 

to overfit dominant classes, leading to biased predictions. 

The proposed framework mitigates this issue through 

weighted loss optimization and oversampling strategies, 

improving classification fairness across all seed 

categories. 

From a theoretical perspective, the study reinforces the 

concept that imbalance-aware learning is essential for 

real-world deployment of AI systems in agriculture. The 

integration of seed science principles (Copeland and 

McDonald, 2001) with computational intelligence 

provides a biologically informed machine learning 

approach. 

However, certain limitations exist. Oversampling 

techniques may introduce synthetic bias if not carefully 

controlled. Additionally, computational complexity 

increases due to weighted optimization and augmentation 

strategies. Real-time deployment in large-scale 

agricultural environments may require further model 

compression techniques. 

Comparative analysis with prior works shows that while 

traditional methods such as SVM and random forest 

perform adequately on balanced datasets, they fail to 

maintain stability under skewed distributions (Ibrahim et 

al., 2019; More and Rana, 2017). Deep learning 

approaches, when enhanced with imbalance-aware 

mechanisms, offer superior scalability and robustness. 

Methodology 

Proposed Framework Overview 

The proposed system introduces a Class-Imbalance 

Aware Deep Learning Framework (CIADLF) for rice 

seed germination classification and seedling 

identification. The framework integrates three core 

components: image preprocessing and feature 

standardization, deep convolutional feature extraction, 

and imbalance-aware optimization strategies. The design 

is motivated by limitations identified in prior studies 

where standard CNNs and machine learning classifiers 

fail to generalize under skewed class distributions 

(Johnson and Khoshgoftaar, 2019; Feng et al., 2021). 
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The biological foundation of seed germination behavior 

is aligned with seed enhancement principles, where 

germination variability is influenced by physiological 

seed conditions and pre-treatment effects (Copeland and 

McDonald, 2001). This biological variability introduces 

inherent dataset imbalance, making robust modeling 

essential. 

Data Acquisition and Preprocessing 

Rice seed image datasets are typically captured under 

controlled laboratory or field conditions using high-

resolution imaging systems. The dataset includes 

multiple classes such as: 

• Germinated seeds  

• Non-germinated seeds  

• Partially germinated seedlings  

• Weak or abnormal seedlings  

Preprocessing steps include normalization, noise 

reduction, and augmentation. Data augmentation 

techniques such as rotation, flipping, and brightness 

adjustment are applied to reduce overfitting and improve 

generalization, particularly for minority classes. 

Image-based seed classification studies highlight that 

preprocessing significantly improves feature 

separability, especially when dealing with morphological 

variations in seed structure (Lurstwut and 

Pornpanomchai, 2017). 

Convolutional Feature Extraction Module 

The core feature extraction is performed using a 

Convolutional Neural Network (CNN) architecture. 

CNNs are effective in capturing spatial hierarchies in 

image data, making them suitable for agricultural image 

classification tasks (Gulzar et al., 2020). 

The architecture consists of: 

• Convolutional layers for spatial feature 

extraction  

• ReLU activation for non-linearity  

• Max-pooling layers for dimensionality reduction  

• Fully connected layers for classification  

Mathematically, convolution operation is defined as: 

𝐹(𝑥) = (𝐼 ∗ 𝐾)(𝑥)𝐹(𝑥)  =  (𝐼 ∗  𝐾)(𝑥)𝐹(𝑥) = (𝐼 ∗
𝐾)(𝑥)  

where III represents the input image and KKK denotes 

the kernel filter. 

Previous research confirms that CNN-based models 

outperform traditional classifiers such as SVM and ANN 

in rice grain classification tasks due to their ability to 

learn hierarchical representations (Hidayat et al., 2023; 

Mohan and Raj, 2020). 

Class Imbalance Handling Strategy 

To address dataset imbalance, the framework integrates a 

hybrid imbalance mitigation strategy consisting of: 

Weighted Loss Function 

Class weights are assigned inversely proportional to class 

frequency to penalize majority class dominance. 

Oversampling Mechanism 

Minority class samples (e.g., weak seedlings) are 

synthetically augmented using transformation-based 

augmentation techniques, consistent with oversampling 

principles in imbalance learning (Gosain and Sardana, 

2017). 

Cost-Sensitive Learning 

The model incorporates misclassification costs to ensure 

higher penalty for minority class errors. 

These strategies are aligned with established imbalance 

learning methodologies used in deep neural networks 

(Wang et al., 2016; Sun and Chen, 2021). 

Training and Optimization 

The model is trained using stochastic gradient descent 

with adaptive learning rate optimization. The objective 

function is defined as: 

𝐿 = ∑𝑖 = 1𝑛𝑤𝑖 ⋅ ℓ(𝑦𝑖, 𝑦^𝑖)𝐿 = \𝑠𝑢𝑚_{𝑖
= 1}^{𝑛} 𝑤_𝑖 \𝑐𝑑𝑜𝑡 \𝑒𝑙𝑙(𝑦_𝑖,
\ℎ𝑎𝑡{𝑦}_𝑖)𝐿 = 𝑖 = 1∑𝑛𝑤𝑖 ⋅ ℓ(𝑦𝑖, 𝑦^𝑖)  

where wiw_iwi represents class weights and ℓ\ellℓ is the 

cross-entropy loss. 

Regularization techniques such as dropout are used to 

prevent overfitting. Batch normalization stabilizes 

learning and improves convergence speed. 

Evaluation Metrics 

Model performance is evaluated using: 

• Accuracy  

• Precision  
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• Recall  

• F1-score  

• Confusion matrix analysis  

Special emphasis is placed on recall for minority classes, 

as imbalance-sensitive evaluation is critical in 

agricultural classification tasks (Feng et al., 2021). 

Results 

The proposed CIADLF framework demonstrates 

significant improvements in rice seed germination 

classification compared to conventional CNN and SVM-

based models. Experimental evaluation indicates that 

imbalance-aware training substantially enhances 

minority class recognition without degrading majority 

class performance. 

The CNN baseline model achieved high overall accuracy 

but exhibited poor recall for minority seedling categories. 

In contrast, the proposed framework improved recall and 

F1-score for germinated and weak seedling classes, 

indicating better class balance learning behavior. 

Incorporation of weighted loss functions and 

oversampling mechanisms reduced classification bias 

toward dominant classes. This aligns with findings that 

imbalance handling improves deep learning performance 

stability in agricultural datasets (Wang et al., 2016; 

Johnson and Khoshgoftaar, 2019). 

Furthermore, seed morphological variability, as 

highlighted in seed enhancement studies, was effectively 

captured by the CNN feature extractor, improving intra-

class discrimination (Copeland and McDonald, 2001). 

The system also demonstrated robustness under varying 

lighting and background conditions, which are common 

challenges in real-world agricultural imaging systems. 

Overall, the framework achieved: 

• Improved minority class detection sensitivity  

• Reduced misclassification of weak seedlings  

• Enhanced generalization across seed categories  

• Stable convergence during training  

These results confirm the effectiveness of integrating 

deep learning with imbalance-aware optimization 

strategies in agricultural classification tasks. 

Discussion 

The results highlight the critical importance of addressing 

class imbalance in agricultural image classification 

systems. While deep learning models are inherently 

powerful feature extractors, their performance is 

significantly influenced by dataset distribution 

characteristics (Feng et al., 2021). 

Traditional CNN-based seed classification systems tend 

to overfit dominant classes, leading to biased predictions. 

The proposed framework mitigates this issue through 

weighted loss optimization and oversampling strategies, 

improving classification fairness across all seed 

categories. 

From a theoretical perspective, the study reinforces the 

concept that imbalance-aware learning is essential for 

real-world deployment of AI systems in agriculture. The 

integration of seed science principles (Copeland and 

McDonald, 2001) with computational intelligence 

provides a biologically informed machine learning 

approach. 

However, certain limitations exist. Oversampling 

techniques may introduce synthetic bias if not carefully 

controlled. Additionally, computational complexity 

increases due to weighted optimization and augmentation 

strategies. Real-time deployment in large-scale 

agricultural environments may require further model 

compression techniques. 

Comparative analysis with prior works shows that while 

traditional methods such as SVM and random forest 

perform adequately on balanced datasets, they fail to 

maintain stability under skewed distributions (Ibrahim et 

al., 2019; More and Rana, 2017). Deep learning 

approaches, when enhanced with imbalance-aware 

mechanisms, offer superior scalability and robustness. 

Conclusion 

This study presented a Class-Imbalance Aware Deep 

Learning Framework (CIADLF) for rice seed 

germination classification and robust seedling 

identification, addressing one of the most persistent 

challenges in agricultural image analytics—data 

imbalance. The proposed framework integrates 

convolutional neural networks with imbalance-sensitive 

learning mechanisms such as weighted loss functions, 

oversampling strategies, and cost-sensitive optimization 

to improve classification fairness and predictive 

reliability. 

The findings demonstrate that conventional deep learning 

and machine learning models, although effective in 

general image classification tasks, suffer from degraded 

performance when applied to imbalanced agricultural 

datasets. This limitation has been consistently 

highlighted in prior research on imbalance learning and 

deep neural networks (Johnson and Khoshgoftaar, 2019; 

Wang et al., 2016). By incorporating imbalance-aware 

strategies, the proposed system significantly enhances 

minority class detection, particularly for weak and 
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partially germinated seedlings. 

From an agricultural science perspective, seed 

germination is inherently influenced by physiological 

variability and seed enhancement factors, which 

introduce natural heterogeneity in datasets (Copeland and 

McDonald, 2001). The proposed framework effectively 

captures this variability using deep feature learning, 

enabling more reliable classification outcomes compared 

to traditional methods. 

The study contributes to both agricultural informatics and 

machine learning domains by bridging seed science 

principles with modern AI-based imbalance learning 

techniques. It demonstrates that integrating domain 

knowledge with deep learning architectures can 

significantly improve model robustness and applicability 

in real-world agricultural systems. 

Future research may focus on lightweight model 

architectures for real-time deployment, integration of 

transformer-based vision models, and hybrid ensemble 

strategies to further enhance classification performance 

under extreme imbalance conditions. 
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