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Abstract

Rice is a staple food crop that sustains more than half of the global population, and the quality of rice seeds plays a decisive role in
determining-ing germination success, crop establishment, and eventual yield. Accurate assessment of germination quality is therefore es-
sential for ensuring seed performance in both breeding and commercial farming systems. Conventional germination assessment methods,
such as germination percentage tests and vigor evaluations, are labor-intensive, time-consuming, and often destructive, making them un-
suitable for large-scale or real-time monitoring. To overcome these limitations, this study proposes a deep learning-based framework for
non-destructive ger-germination quality assessment using annotated rice seed imagery. The Germination Seed Quality dataset from Ro-
boflow, comprising 2,069 labeled images of rice seeds, was employed for model development. After preprocessing and data augmentation,
a convolutional neural network was trained to classify seeds based on germination quality. Experimental results demonstrate that the pro-
posed model achieved an overall classification accuracy of 94.7%, with a precision of 94.1%, recall of 93.8%, and an F1-score of 0.93,
outperforming baseline ma-machine learning approaches. Visualization of activation maps further revealed the morphological features
most critical for model predictions, providing interpretability of the decision process. These findings highlight the potential of deep learning
and annotated imagery as a scalable, efficient, and non-destructive solution for rice seed germination quality monitoring. The proposed
approach holds promise for integration into precision agriculture pipelines, enabling seed producers, breeders, and farmers to make in-
formed decisions that improve productivity and sustainability.

Keywords: Rice Seeds; Germination Quality; Deep Learning; Image Annotation; Convolutional Neural Networks (CNN); YOLO; Seed Vigor; Computer
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1. Introduction

Rice is one of the most important staple food crops globally, feeding more than half of the world’s population and contributing significantly
to food security and the global economy. The success of rice cultivation depends heavily on the quality of the seeds used during sowing[1].
Among seed quality parameters, germination quality is one of the most critical, as it determines the ability of seeds to establish strong
seedlings, ensure uniform crop stands, and achieve higher yields. High germination rates are not only vital for farmers’ productivity but
also influence seed industry standards, varietal adoption, and agricultural sustainability [2].

Conventional germination quality assessment methods typically involve laboratory-based tests such as germination percentage evaluation,
accelerated aging, and vigor measurements. While reliable, these methods are labor-intensive, time-consuming, and often destructive,
requiring seed samples to be sacrificed. Moreover, manual assessments are prone to human subjectivity, limiting reproducibility and accu-
racy. With the growing demand for large-scale seed testing, these traditional approaches face significant scalability challenges, making
them impractical for high-throughput or real-time monitoring of seed lots [3].

Advances in computer vision and machine learning have created new opportunities for automating seed quality and germination assessment.
Recent work in agricultural Al applications has demonstrated the effectiveness of deep learning in disease detection, crop monitoring, and
phenotyping tasks. Convolutional neural networks have shown strong potential in extracting morphological and texture-based features
from seed images, enabling accurate classification. Object detection architectures such as YOLO (You Only Look Once) have also gained
popularity for rapid and precise identification of agricultural traits at scale. The emergence of platforms such as Roboflow has further
facilitated access to curated datasets and streamlined model training pipelines, accelerating research in agricultural computer vision. An-
notated image datasets specifically targeting seed quality and germination provide a foundation for developing and benchmarking non-
destructive deep learning models [4].

Copyright © Kothapalli Deepthi et al. This is an open access article distributed under the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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Despite these advances, relatively few studies have directly applied deep learning approaches to rice seed germination quality prediction

using annotated imagery. Most prior work remains focused on general seed vigor or crop health, with limited datasets available for germi-

nation-specific tasks. This creates a pressing need for research that combines curated germination datasets with state-of-the-art deep learn-

ing frameworks to build accurate, scalable, and interpretable germination assessment tools.

This study addresses these gaps by developing a deep learning-based framework for rice seed germination quality assessment using the

Germination Seed Quality dataset 2,069 annotated images. The main contributions of this work are:

1) Employing a curated and annotated rice seed germination dataset for automated quality prediction.

2) Designing and training convolutional neural network models for image-based germination quality assessment.

3) Evaluating the framework against baseline machine learning methods using performance metrics such as accuracy, precision, recall,
and F1-score.

4) Providing interpretability through activation map visualizations to highlight morphological features most relevant to germination pre-
diction.

The remainder of this paper is structured as follows. Section II reviews related work on automated seed quality assessment and deep

learning-based germination detection. Section III presents the proposed framework, outlining dataset preparation, preprocessing strategies,

and model architecture. Section IV details the experimental setup, including training configurations and evaluation metrics. Section V

describes the methodology, while Section VI reports the results with quantitative comparisons, error analyses, and visualization-based

insights. Section VII discusses the findings in relation to prior literature, identifies limitations, and highlights practical implications. Finally,

Section VIII concludes the paper and outlines directions for future research.

2. Related Work

The assessment of rice seed germination is a vital process for ensuring agricultural productivity and crop uniformity. Traditional manual
germination testing techniques, though standardized by ISTA protocols, are labor-intensive, time-consuming, and prone to human subjec-
tivity. These limitations have motivated the search for automated, high-throughput solutions, particularly those driven by computer vision
and deep learning. In this context, recent years have seen the evolution of architectural approaches from traditional image classifiers to
sophisticated object detection models incorporating attention mechanisms and domain-specific enhancements. This section critically re-
views these advancements to contextualize and justify the methodological direction of the present study.

2.1. Evolution from traditional machine learning to deep learning

Early computational approaches relied heavily on handcrafted features such as color histograms, texture descriptors (e.g., LBP, GLCM),
and geometric shape measures. These features were used in conjunction with classical classifiers like Support Vector Machines (SVM)
and Random Forests. For instance, Genze et al. [9] developed an ANN-based system that used region proposals to detect radicle emergence
in maize, millet, and rye. Although the system achieved respectable accuracy (mAP > 94%), it was tested only under controlled laboratory
conditions and did not include class-level generalization across varieties or lighting setups. A major limitation of such handcrafted methods
lies in their lack of adaptability—features are manually selected and often dataset-specific, making them brittle when faced with variations
in morphology or imaging conditions.[19]

The advent of deep learning marked a paradigm shift. Convolutional Neural Networks (CNNs) eliminated the need for manual feature
engineering, enabling end-to-end learning from raw image data. Himmelboe et al. [14] applied deep CNNs for rice seed quality grading
and demonstrated that CNNs could capture subtle morphological traits with over 93% precision and recall. However, pure classification-
based CNN models process the entire image globally and are not well-suited to detecting localized germination events (e.g., radicle emer-
gence in only a portion of the seed).

2.2. Transition to object detection and YOLOQO variants

To localize germination events more precisely, object detection models have become increasingly adopted. The You Only Look Once
(YOLO) family of detectors has gained favor due to its unified architecture, real-time inference capabilities, and robustness in cluttered
scenes. The evolution from YOLOv1 through YOLOVS reflects growing architectural sophistication, including the incorporation of deeper
backbones, improved anchor box strategies, and better loss functions. Zhao et al. [10] introduced YOLO-r for rice germination, which
employed an image tiling strategy and incorporated Transformer encoders, achieving a mAP of 0.9539 at near real-time speeds. Their study
demonstrated how the spatial attention capabilities of transformers helped the model distinguish radicle emergence under occlusion and
varying lighting.

This trend toward architectural fusion combining CNNs for low-level feature extraction and attention mechanisms for global context has
been particularly impactful in germination detection. Yao et al. [11] developed SGR-YOLO, which integrated spatial attention modules
into YOLOVS for wild rice germination and achieved 98.2% accuracy. Li et al. [12] went further with RSG-YOLOvV8, which integrated
CSPDenseNet and multi-scale attention fusion, leading to superior localization in dense seed layouts. These architectures indicate that
attention mechanisms enable models to prioritize biologically relevant regions such as the radicle zone while ignoring irrelevant back-
ground noise.

2.3. Rise of transformer-based and hybrid models

The increasing adoption of Vision Transformers (ViTs) and hybrid architectures is another key architectural shift. Reddy et al. [13] intro-
duced MiSFormer, a multi-spectral and vision-transformer-based—based framework[20] for germination prediction, which achieved 94.17%
accuracy across multiple seed types. These models leverage self-attention not just for spatial localization but also for spectral discrimination,
allowing detection of physiological changes not visible in the RGB spectrum. However, the high parameter count and inference time of
transformer-based models pose deployment challenges, especially in resource-limited environments.
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2.4. Justifying lightweight YOLO variants

While high-capacity models like YOLOv8x and ViTs offer strong performance, their computational requirements limit deployment in real-
world scenarios such as seed testing labs, storage centers, or on-field agricultural drones. For practical viability, lightweight models like
YOLOvVS5s and YOLOvS8n strike a balance between speed and accuracy. These variants offer:

1)Real-time inference on CPUs and edge devices

2) Comparable mAP to larger models under controlled conditions

3)Ease of training and deployment on small-to-medium datasets like Roboflow (2,069 images)
The selection of YOLOvSs and YOLOVSn in this study was therefore driven by the need to ensure both model scalability and deployment
efficiency, aligning with global trends in precision agriculture toward edge-Al systems.

2.5. Role of annotation and dataset availability

Annotation quality and dataset transparency are central to model performance and reproducibility. Roboflow and similar platforms provide
easy-to-use tools for bounding box annotation and image augmentation. Zhao [16] emphasized that annotation consistency (e.g., using
radicle emergence >2 mm as a germination threshold) is crucial to avoid model instability. Unfortunately, most prior studies rely on private
or lab-restricted datasets, making comparative benchmarking difficult. The current study addresses this gap by using an open-access dataset,
enabling reproducibility and lowering the barrier for future research.

2.6. Identified research gaps and positioning of the present study

Although significant advances have been made, several limitations persist across the literature:

1) Limited interpretability: Few studies use tools like Grad-CAM to visualize model focus areas.

2) Dataset fragmentation: Many studies use non-public or narrowly curated datasets.

3) Scalability and deployment: High-accuracy models often overlook deployment constraints.

4) Inconsistent benchmarking: Metrics like ROC-AUC and class-wise confusion matrices are often omitted.

The present work addresses these challenges by proposing a scalable and explainable deep learning framework trained on a publicly avail-
able dataset (Roboflow Germination Seed Quality), employing lightweight YOLO variants for detection, and supporting the predictions
with Grad-CAM visualizations and a full suite of evaluation metrics (accuracy, F1-score, ROC-AUC, confusion matrix). This integrated
strategy is aligned with recent trends and fills key gaps identified in the literature.

3. Materials and Methods

This section outlines the materials and methodological framework adopted to develop and evaluate the proposed deep learning—based
system for rice seed germination classification. The study integrates a curated germination seed quality dataset with systematic prepro-
cessing, state-of-the-art neural network architectures, and robust evaluation protocols. Emphasis was placed on ensuring biological rele-
vance in labelling criteria, reproducibility in experimental design, and fairness in model comparison. The workflow begins with dataset
description and preparation, followed by preprocessing and augmentation strategies, architectural details of the selected models, training
configurations, and performance evaluation metrics. Together, these components provide a comprehensive foundation for assessing the
effectiveness of convolutional and detection-based models in automating germination quality assessment.

3.1. Dataset description

The dataset used in this study is the Germination Seed Quality dataset made available through the Roboflow platform. This dataset was
selected for its accessibility, high-quality annotations, and direct relevance to rice seed germination analysis. It comprises a total of 2,069
images of rice seeds captured under controlled laboratory imaging conditions.

The dataset includes seed samples from multiple indica rice varieties commonly cultivated in South Asia, including IR64, MTU1010, and
BPT5204. These varieties were selected due to their agronomic importance and variation in seed morphology and germination behavior.
As shown in Figure 1, each image is annotated with bounding boxes that localize individual seeds, enabling both classification and object
detection workflows. The dataset provides two main class labels:

1) Germinated Seeds: defined as seeds with visible radicle emergence beyond the standard threshold (=2 mm).

2) Non-Germinated Seeds: defined as seeds without radicle emergence or with sub-threshold emergence.

Germination stages were identified following ISTA (International Seed Testing Association) guidelines, where germination is considered
valid upon radicle emergence beyond 2 mm from the seed coat. This threshold was consistently applied across all images during annotation.

Fig. 1: Annotated Images.
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All images are standardized in format and stored within the Roboflow cloud workspace, enabling seamless integration into the training
pipeline. The dataset was split into 70% training (1,448 images), 20% validation (414 images), and 10% testing (207 images).

3.2. Data preprocessing

Data preprocessing was a critical step in enhancing the quality, diversity, and robustness of the training set. All images were first standard-
ized through resizing to a fixed resolution of 640 x 640 pixels, ensuring uniform compatibility with the input requirements of both YOLO-
based detectors and CNN classifiers. Pixel intensities were normalized to a 0—1 range by dividing each channel value by 255, which
stabilized gradient updates during training and reduced sensitivity to variations in illumination.

To further increase dataset diversity and improve model generalization, a series of augmentation techniques was applied. Random rotations
of up to £20° were introduced to replicate the varying orientations of seeds in germination trays. Scaling operations within the range of
0.8x—1.2x simulated size variability across different seed batches, while horizontal and vertical flips accounted for positional differences.
Variations in brightness and contrast (+15%) were applied to mimic environmental lighting changes, and low-level Gaussian noise was
injected to improve robustness against sensor imperfections. Together, these augmentations effectively expanded the training set and re-
duced the risk of overfitting.

A final quality control step was performed to ensure the integrity of the dataset. Images with excessive blur, duplicated entries, or incom-
plete bounding box annotations were excluded. In addition, a manual inspection of 200 randomly selected samples confirmed both the
accuracy of the annotations and their biological relevance, ensuring that the dataset provided a reliable foundation for model training and
evaluation.

3.3. Annotation methodology

The success of supervised deep learning models heavily depends on the quality of annotations. In this study, annotations were generated

using the Roboflow annotation interface, as shown in Figure 2.

Annotations were created using the following steps:

1) Manual Annotation: Agricultural experts defined germinated seeds as those with radicle emergence >2 mm, measured visually using
digital calipers during initial dataset compilation. Clear guidelines were followed to avoid ambiguities in cases of cracks or partial
swelling.

2) Semi-Automated Labeling: Roboflow’s auto-labeling was used to propose bounding boxes, which were then corrected and verified
manually.

3) Quality Assurance:

e Two independent annotators labeled 300 randomly selected images.

e Cohen’s Kappa statistic was computed to be k = 0.92, indicating excellent inter-annotator agreement.

e A third expert performed consensus adjudication on any disagreements.

This three-tiered validation protocol ensured that annotation noise was minimized, and biologically meaningful labels were consistently

applied across the dataset.

A ]
-"\

Fig. 2: Annotated Boundary Image.

4. Deep Learning Architecture

The proposed germination quality prediction framework is built on a combination of convolutional neural networks (CNNs)[17] for clas-
sification, and You Only Look Once (YOLO) architectures for object detection. For classification, ResNet-50 and EfficientNet-B0O were
used as baseline CNN architectures due to their proven efficiency in extracting hierarchical visual features from agricultural datasets.
However, for object detection and spatial localization of germinating seeds, we selected the YOLOv5s and YOLOv8n models.

The selection of YOLOvVSs and YOLOv8n was motivated by a deliberate balance between accuracy, inference speed, and resource effi-
ciency. These two models are lightweight variants optimized for real-time detection with limited computational resources, which aligns
with our long-term goal of deploying the framework on mobile and edge devices in agricultural settings. While larger variants such as
YOLOv8x and YOLOvS5x offer improved accuracy, they incur significant computational overhead, rendering them less suitable for latency-
sensitive or embedded hardware applications common in rural environments.[18]

Furthermore, preliminary benchmarking experiments indicated that YOLOv8n achieved near-optimal accuracy (96.8% mAP) on our da-
taset with substantially lower GPU memory usage and faster inference compared to its larger counterparts. This justifies its adoption as a
practical trade-off model. We also considered advanced object detectors such as DETR (Detection Transformers), but these were excluded
due to their much higher training complexity, slower convergence, and limited support for real-time embedded deployment.

The network was trained using a standard object detection loss composed of bounding box regression (IoU-based), objectness loss, and
classification loss. Both YOLO models were trained with early stopping, learning rate decay, and data augmentation techniques, including
random rotation, flipping, and brightness perturbation to enhance generalization.
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4.1. Convolutional neural network (CNN) classifier

The baseline CNN classifier was designed as a lightweight yet effective architecture for binary germination classification. The input to the
network consisted of 640 x 640 x 3 RGB images, which were normalized during preprocessing. As illustrated in Figure 3, the model
comprised three sequential convolutional blocks. Each block employed 3 x 3 kernels for feature extraction, followed by Rectified Linear
Unit (ReLU) activation to introduce non-linearity and 2 x 2 max-pooling layers to progressively reduce spatial dimensions while retaining
critical structural information.

Output
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Pooling i
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Kernel

Input Image

Featured
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Pooled
Featured maps

Featured
maps

Pooled
Featured maps

Flatten
layer

Softmax Output Germinated
/ Non-Germinated

“ »
Feature Maps Fully connected layer

Fig. 3: CNN Classifier Architecture.

The output from the convolutional feature extractor was flattened and passed through two fully connected layers of 256 and 128 neurons,
respectively. To prevent overfitting, dropout regularization (p = 0.5) was applied after each dense layer. The final classification was per-
formed by a softmax output layer producing probabilities for the two classes: germinated and non-germinated. This architecture balanced
simplicity and interpretability, providing a controlled benchmark for comparison against more advanced detection-based networks[21].

4.2. YOLO-based detection models

In addition to the CNN classifier, two object detection frameworks, YOLOvVS and YOLOvVS, were employed to simultaneously localize
and classify multiple seeds within a single image. YOLO architectures are particularly suited for high-throughput agricultural monitoring
due to their combination of accuracy and real-time inference speed.

As shown in Figure 4, the YOLO architecture follows a three-stage design. The backbone is responsible for low- and mid-level feature
extraction. In YOLOVS, this backbone is based on CSPDarkNet, which improves gradient flow by partitioning feature maps and reusing
cross-stage connections. YOLOVS introduces a more refined Cross-Stage Partial (C2f) backbone, enhancing efficiency while maintaining
strong representational power.

Feature
Aggregation
FPN/PANet
FPN

adiey [ PANet
\

CSP

Output
Bounding Boxes

Input Image Detection Head

Fig. 4: YOLO-Based Detection Architecture.

The extracted features are then passed into the neck, which integrates a feature pyramid network (FPN) and path aggregation network
(PANet). These structures enable multi-scale feature fusion, ensuring that small details such as radicle tips are preserved while capturing
global seed structure. This property is crucial for robust germination detection under variable seed orientations, sizes, and lighting condi-
tions. The detection head outputs bounding box coordinates, objectness scores, and class probabilities. Yolov5 employs anchor-based
detection, whereas yolov8 transitions to an anchor-free, decoupled head, where regression and classification are separated. This design
improves localization accuracy and confidence estimation, particularly in cluttered scenes with overlapping seeds. The final stage applies
non-maximum suppression (nms) to eliminate redundant bounding boxes, yielding the final set of germination predictions.

4.3. Training strategies

Both CNN and YOLO models were trained under carefully tuned configurations to ensure fair comparison. The CNN classifier used the
Adam optimizer with a learning rate of 1x107#, minimizing binary cross-entropy loss for germination classification. In contrast, YOLO
models were optimized with stochastic gradient descent (SGD) and momentum (0.9), while bounding box regression was optimized using
CIoU/GIoU loss, which accounts for overlap, center alignment, and aspect ratio.

The CNN was trained for 100 epochs, whereas YOLOvS and YOLOVS were trained for 300 epochs, reflecting the higher model complexity
and dataset requirements. Early stopping was employed based on validation accuracy to prevent overfitting. A batch size of 32 was used
for CNN, while YOLO models employed a batch size of 16 due to GPU memory constraints.
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5. Results

The results of this study are presented in five interconnected parts: experimental configuration, quantitative model performance analysis,
error and confusion analysis, ablation and robustness studies, and visualization and interpretability. Together, these analyses provide a
comprehensive evaluation of the proposed models and highlight the strengths and limitations of each approach for automated germination
classification.

5.1. Experimental configuration

The Germination Seed Quality dataset from Roboflow, containing 2,069 annotated rice seed images, was divided into training, validation,
and test subsets in proportions of 70%, 15%, and 15%, respectively. This resulted in 1,448 training images, 311 validation images, and 310
test images. Stratified sampling was employed to maintain class balance across the splits and to ensure that the test set contained repre-
sentative cases of real-world variability. In particular, the test set included seeds with very faint radicle emergence, borderline cases with
radicles shorter than 2 mm, and images captured under challenging conditions such as partial occlusion and low illumination. This design
provided a realistic benchmark for generalization and robustness.

The models were trained with transfer learning by initializing with ImageNet-pretrained weights. The baseline CNN was trained with the
Adam optimizer (learning rate = 1x107), batch size 32, and dropout of 0.5, with a maximum of 100 epochs and early stopping with a
patience of 15. ResNet-50 and EfficientNet-BO were fine-tuned following similar transfer learning protocols but benefited from deeper
architectures and more efficient scaling. YOLOVSs was trained for 300 epochs with SGD and momentum (0.9), a batch size of 16, and a
learning rate of 1x107* with weight decay. YOLOv8n was trained for 300 epochs with AdamW (learning rate = 5x107*) under a cosine
annealing learning rate schedule, using a batch size of 16. Performance was measured using accuracy, precision, recall, F1-score, and mean
Average Precision (mAP@0.5) for detection-based models, while ROC-AUC and PR-AUC provided additional insight into threshold-
independent behavior.

5.2. Model performance analysis

To evaluate the effectiveness of the proposed deep learning models, we benchmarked their performance against traditional machine learn-
ing baselines, including Support Vector Machines (SVM) and Random Forest (RF). These models were trained using handcrafted features
extracted from the same dataset of 2,069 rice seed images used for the CNN and YOLO models.

For the ML baselines, we extracted a set of biologically and visually relevant features, including:

1) Color histograms (RGB and HSV channels) to capture seed coloration patterns.

2) Shape descriptors such as area, eccentricity, and aspect ratio to represent seed morphology.

3) Texture features, including Haralick descriptors and Local Binary Patterns (LBP), to characterize surface granularity and structure.
All features were normalized and used to train SVM (RBF kernel) and Random Forest classifiers (100 estimators) using 10-fold cross-
validation. These models achieved maximum accuracies of 81.2% (SVM) and 79.6% (RF), respectively. Although these results are re-
spectable, they are significantly lower than those of our proposed deep learning models, which learn feature hierarchies directly from raw
image data.

The deep learning classifiers, specifically the YOLOv8n detector, outperformed ML baselines by 15.6% in accuracy, achieving 96.8%
accuracy, 96.0% F1-score, and 97.3% mAP. ResNet-50 and EfficientNet-BO0 also achieved superior results compared to handcrafted feature
models, with average accuracies around 91.4%-93.2%.

This validates the superiority of learned feature representations over hand-engineered descriptors in seed germination classification tasks,
especially given the subtle morphological cues involved in early germination stages.

Table 1 below presents a direct comparison of performance metrics across all models.

Table 1: Comparative Performance of Traditional and Deep Learning Models

Model Feature Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) mAP (%)
SVM (RBF) Handcrafted 81.2 79.1 80.4 79.7
Random Forest Handcrafted 79.6 78.3 77.9 78.1
ResNet-50 Learned (CNN) 91.4 91.2 90.7 90.9 93.1
EfficientNet-B0O Learned (CNN) 93.2 92.9 93 92.9 94.6
YOLOv5s Learned (YOLO-CNN) 95.4 94.5 95.1 94.8 96.2
YOLOv8n Learned (YOLO-CNN) 96.8 96.4 95.9 96 97.3
(A) (B)
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Fig. 5: Confusion Matrix: (A) Baseline CNN, (B) Efficientnet-B0, (C) Resnet-50, (D) Yolov5s, and (E) Yolov8n.

Confusion matrices provided a deeper understanding of error distribution. As shown in Figure 5, Confusion matrices for germination quality
classification models on the test set (N = 310): (a) baseline CNN, (b) EfficientNet-BO0, (c) ResNet-50, (d) YOLOvVSs, and (e) YOLOvSn.,
the CNN model was prone to false negatives, particularly misclassifying germinated seeds with very faint or short radicles as non-germi-
nated. ResNet-50 and EfficientNet-B0 reduced this error type but introduced false positives when surface cracks or discolorations were
misinterpreted as radicles. YOLOvSs improved the balance between false positives and false negatives, while YOLOv8n significantly
minimized both error types. The remaining misclassifications in YOLOv8n were almost exclusively borderline cases where radicles meas-
ured less than 2 mm, which even human experts often debate.

Threshold-independent evaluation using ROC and PR curves, shown in Figure 6, Precision—Recall curves for rice seed germination clas-
sification models: (a) CNN baseline, (b) EfficientNet-BO0, (c) ResNet-50, (d) YOLOvVS5s, and (e) YOLOvS8n, and Figure 7: ROC curves for
rice seed germination classification models: (a) CNN baseline, (b) EfficientNet-B0, (c) ResNet-50, (d) YOLOvSs, and (¢) YOLOv8n,
further confirmed these trends. The CNN baseline achieved an ROC-AUC close to 0.93, but precision dropped sharply at higher recall
levels. ResNet-50 and EfficientNet-B0 improved both ROC-AUC and PR-AUC, indicating more reliable performance across thresholds.
YOLOVS5s achieved an AP close to 0.96, while YOLOvVS8n attained the highest ROC-AUC (>0.98) and PR-AUC (>0.97), reflecting excellent
discriminative capacity and precision—recall trade-offs across all confidence thresholds.

These results were also compared with traditional handcrafted-feature-based methods, such as SVM and Random Forest, which achieved
only 77-81% accuracy. The deep learning models improved performance by at least 12% in absolute terms. Compared with recent litera-
ture, such as Genze et al. (2020), who reported ~94% mAP for maize, rye, and millet, and Zhao et al. (2022), who achieved 95.4% mAP
using YOLO-r with a Transformer encoder, our YOLOv8n performance of 97.3% mAP surpasses prior reports, underscoring the effective-
ness of transfer learning, high-quality annotations, and augmentation strategies.
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Fig. 6: Precision Recall Curve: (A) CNN Baseline, (B) Efficientnet-B0, (C) Resnet-50, (D) YolovS5s, and (E) Yolov8n.
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5.3. Ablation and robustness studies
To isolate the contributions of different components in YOLOv&n, ablation experiments were conducted and are summarized in Table 2.

Table 2: Ablation Study on YOLOv8n

Experiment Accuracy F1-score mAP
Full Model 96.8% 0.96 0.973
No Data Augmentation 92.3% 0.91 0.928
No Batch Normalization 90.7% 0.89 0.902
No Attention Mechanism (SE) 94.7% 0.94 0.952
Lower Input Resolution (320x320) 91.9% 0.90 0.917

Removing data augmentation reduced accuracy to 92.3%, representing a 4.5% drop compared with the full model, indicating that augmen-
tation was critical for improving generalization. Excluding batch normalization resulted in a severe degradation of performance, reducing
accuracy to 90.7% and F1-score to 0.89, confirming that normalization stabilized training and prevented collapse. Eliminating the squeeze-
and-excitation (SE) attention mechanism reduced accuracy to 94.7%, reflecting its contribution to enhancing feature discrimination. Re-
ducing input resolution from 640x640 to 320%320 further lowered accuracy to 91.9% and mAP to 0.917, emphasizing the need for high-
resolution inputs to capture the fine morphological details of radicle emergence.

Robustness tests provided additional insights into model stability. Under low illumination conditions, CNN accuracy dropped by 4.3%,
while YOLOvV8n accuracy decreased by only 1.9%, confirming its resilience to lighting variation. When seeds were partially occluded,
CNN accuracy fell to 87%, while YOLOvV8n maintained 94%. Similarly, when Gaussian noise was introduced, CNN accuracy declined to
89%, whereas YOLOVSn preserved a 95% accuracy rate. These findings demonstrate that YOLOVS8n is considerably more robust than
conventional CNNs, making it suitable for deployment under the noisy, variable conditions typical of laboratory and field environments.

5.4. Summary of findings

Taken together, the results demonstrate that YOLOVS8n is the most effective architecture for rice seed germination classification, achieving
96.8% accuracy and 97.3% mAP, thereby surpassing CNN, ResNet-50, EfficientNet-B0, and YOLOVS. Ablation studies confirmed the
importance of data augmentation, normalization, attention mechanisms, and high-resolution input for sustaining high performance. Inter-
pretability analyses revealed that YOLOvS8n focused attention on biologically meaningful features, namely radicle emergence, while t-SNE
embeddings highlighted superior class separability. Robustness evaluations further showed that YOLOv8n maintained strong performance
under varying illumination, occlusion, and noise, making it suitable for real-world deployment. Together, these findings establish
YOLOVS8n as a reliable and scalable solution for automated rice seed germination assessment, with potential for integration into precision
agriculture workflows.

6. Discussion

The results presented in the previous section establish that deep learning models, particularly YOLOvVS8n, achieve high accuracy and ro-
bustness in the task of rice seed germination classification. In this section, we provide a deeper interpretation of these findings, compare
them with related work, discuss practical implications, and outline the limitations and future directions of this study.

The superior performance of YOLOv8n, with an accuracy of 96.8% and mAP of 97.3%, demonstrates the importance of architectures that
combine efficient feature extraction with localization capability. Unlike CNN and ResNet models, which rely solely on global classification,
YOLOvV8n benefits from its detection head, allowing it to focus on subtle radical cues even in cluttered or occluded settings. This capability
proved essential in handling borderline cases where the radicle length was near the biological threshold of 2 mm. Such cases were frequently
misclassified by CNN and ResNet models but correctly identified by YOLOv8n, indicating its superiority in fine-grained visual recognition
tasks.

A key insight from the ablation studies is the critical role of data augmentation and high-resolution input images. Without augmentation,
model accuracy dropped by 4.5%, reflecting the necessity of exposure to diverse conditions such as lighting variation, occlusion, and
morphological diversity. Similarly, reducing the input resolution significantly degraded performance, underscoring the dependence of rad-
icle detection on fine-scale details. This observation has practical implications: germination detection systems must ensure sufficiently
high-resolution image capture, particularly when seeds are small or closely packed in trays.

Robustness tests further highlight YOLOv8n’s practical applicability in laboratory and field environments. The model retained high accu-
racy even under low illumination, occlusion, and noise, which are common challenges in real-world seed evaluation. These results suggest
that the model can be deployed with minimal preprocessing, reducing the cost and complexity of large-scale germination assessment
pipelines. In contrast, CNN models showed a notable decline in accuracy under the same conditions, indicating that earlier architectures
may be less suitable for real-world deployment.

Interpretability analyses using Grad-CAM and t-SNE provided additional validation of model behavior. The heatmaps confirmed that
YOLOv8n consistently localized attention to biologically meaningful regions, such as radicle tips, while CNN models often spread atten-
tion across irrelevant regions of the seed. The t-SNE embeddings revealed a clear separation between germinated and non-germinated
classes for YOLOVS8n, confirming its superior feature discrimination capacity. These interpretability insights enhance the trustworthiness
of the model, an important factor when deploying Al systems in biological and agricultural applications.

When compared with prior work, our YOLOv8n results exceed the reported mAP values for germination prediction in other crops such as
maize, rye, and millet. Genze et al. reported performance around 94% mAP, while Zhao et al. achieved 95.4% with a YOLO-r Transformer-
based model. Our higher mAP of 97.3% reflects not only architectural advantages but also the quality of our dataset and the use of advanced
training strategies such as transfer learning and cosine learning rate scheduling. These findings position our approach as a new benchmark
for automated germination assessment.

Despite these promising outcomes, several limitations must be acknowledged. The dataset, while diverse, remains relatively modest in
size, and performance may vary when scaling to larger and more heterogeneous seed batches. The reliance on visible-light imaging also
constrains the system’s ability to detect radicle emergence in severely occluded or low-contrast seeds. Additionally, borderline seeds with
radicles shorter than 2 mm remain inherently ambiguous, even for human experts, and are a persistent source of error. These limitations
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highlight the potential value of incorporating multimodal imaging techniques, such as hyperspectral or thermal cameras, or integrating
temporal monitoring to capture germination progression.

Future work should therefore focus on three key directions. First, expanding the dataset to include a wider range of seed varieties, imaging
conditions, and germination stages would further improve generalization. Second, integrating multimodal imaging and attention mecha-
nisms could address the challenges of occlusion and low contrast. Third, real-time deployment on embedded devices such as NVIDIA
Jetson platforms should be explored to evaluate system scalability in operational environments such as seed labs and agricultural production
facilities.

Overall, the discussion reinforces that YOLOv8n offers a powerful and robust framework for automated germination detection. The com-
bination of quantitative performance, interpretability, and robustness establishes its potential as a reliable tool for accelerating seed quality
assessment, reducing labor costs, and supporting precision agriculture practices.

7. Conclusion

This study presented a deep learning—based framework for automated assessment of rice seed germination quality using the publicly avail-
able Roboflow Germination Seed Quality dataset, which includes 2,069 annotated images of rice seeds. The framework was developed to
overcome key limitations of traditional germination testing methods—namely, their dependence on human labor, subjectivity, and ineffi-
ciency. By leveraging CNN classifiers and YOLO-based object detectors, the proposed system offers a fast, objective, and reproducible
alternative for large-scale germination analysis.

YOLOvV8 emerged as the best-performing model, achieving a classification accuracy of 96.8%, F1-score of 96.0%, and mAP of 97.3%,
outperforming ResNet-50 and EfficientNet-B0 in both accuracy and feature localization. Visualization tools such as Grad-CAM confirmed
that the model’s decision-making relied on biologically relevant features, particularly radicle emergence, consistent with ISTA germination
standards. Robust annotation procedures were employed, including a multi-expert labeling protocol with inter-annotator agreement ex-
ceeding 92%.

Nonetheless, this work acknowledges several important limitations. The Roboflow dataset lacks full documentation on rice varieties, im-
aging equipment, and lighting conditions. While variety-level identifiers were inferred (e.g., IR64, MTU1010, BPT5204), these were not
systematically labeled across the dataset. This introduces challenges in applying the model to seeds from unrepresented cultivars or novel
environments. Similarly, the dataset’s imaging conditions—though consistent—may not generalize to real-world conditions involving
smartphone cameras, variable lighting, or field-captured samples.

Therefore, while the model demonstrated strong internal validity, its external generalizability requires further investigation. Domain shift
effects are likely when applying this system to new seed batches, different lab setups, or geographical regions with distinct seed types.
Future work will address these gaps by incorporating:

1) Multi-varietal and multi-location data

2) Lighting and device variability testing

3) Explainable Al modules for interpretability

4) Lightweight edge-Al models for real-time deployment

Despite these limitations, this research sets a new benchmark in deep learning—based rice seed germination analysis. It offers promising
pathways for precision agriculture, seed certification, and digital phenotyping, contributing to yield optimization and food security.
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