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Rice (Oryza sativa) is Indonesia’s primary food crop, yet its productivity is
often threatened by leaf diseases such as Brownspot, Hispa, and Sheath Blight.
To address the limitations of manual inspection, this study proposes an
automated detection and classification framework based on deep learning,
with a comparative evaluation of the YOLOv5 and YOLOvV8 models. This
study is novel in that it assesses the robustness of models across a variety of
data sources, such as a public dataset collected under controlled conditions and
a private dataset collected in the field that replicates real-world agricultural
contexts. The experimental results suggest that YOLOVS consistently
outperforms YOLOVS in a variety of evaluation metrics. YOLOVS8 performed
best on the private dataset, with a precision of 0.907, recall of 0.886, F1-score
of 0.896, Intersection over Union (IoU) of 0.71, and mAP50 of 0.924 under
the 90:5:5 data split configuration. It shows that it can detect things well even
in difficult field conditions. Both models performed about the same on the
public dataset; however, YOLOVS was better at finding objects, as shown by
higher mAP50-95 values. Both models also did a great job of classifying;
however, YOLOvVS was better at generalising across different dataset
distributions. These results demonstrate that YOLOvS, which operates without
anchors, is a superior and more dependable method for the real-time detection
of rice leaf disease. This study offers pragmatic insights for implementing
advanced computer vision models in precision agriculture systems,
particularly in resource-constrained, dynamic agricultural environments.
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1. INTRODUCTION

As one of the world’s primary food crops, rice (Oryza sativa) is a cornerstone of food security in many
countries, including Indonesia, where rice is the staple food for the majority of the population [1]. With
population growth, national rice production must be significantly increased to meet future demand [2].
However, this effort faces serious challenges from pests and diseases, which, according to the Food and
Agriculture Organization (FAO), can cause losses of up to 40% of global food production [3]. Similarly, the
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International Rice Research Institute (IRRI) reports that rice farmers may lose up to 37% of their harvest each
year due to such threats [4].

The primary challenge lies in disease identification, which traditionally relies on manual inspection by
farmers or agronomists. This approach is not only time-consuming and labor-intensive but also highly
subjective, leading to delays in treatment that may result in crop failure. To overcome these limitations,
integrating computer vision and machine learning technologies offers a promising solution, enabling faster,
more objective, and cost-efficient disease detection. Among the most promising approaches is the You Only
Look Once (YOLO) algorithm, a deep learning architecture capable of real-time object detection with high
accuracy [2].

Prior research has shown that YOLO works well in farming settings. It is increasingly vital to detect
plant leaf diseases early to improve agricultural yields and reduce the need for pesticides. Several deep
learning-based methods have been suggested to improve detection performance in various agricultural settings.
An example is the Multi-scale YOLOvVS5 framework, which has proven quite effective at identifying illnesses
in rice leaves at multiple scales. This framework combines DenseNet-201, depth-aware segmentation, and a
Bidirectional Feature Attention Pyramid Network (Bi-FAPN), among other components [5]. Recent work on
watermelon disease identification has attained a maximum mAP50 of 0.92 while preserving real-time
performance by the integration of the Segment Anything Model (SAM) with photometric and geometric
augmentation methods. This method tackles practical issues, including class imbalance and environmental
unpredictability [6]. These studies highlight the importance of amalgamating contemporary systems and data
processing techniques to improve detection robustness.

In addition to improving detection performance, recent research has focused on developing lightweight
and deployable models for practical applications. The LT-YOLO model, based on an improved YOLOvVS
architecture, uses lightweight components and effective attention mechanisms to reduce computational cost
while obtaining a mean Average Precision (mAP) of 90.9% in identifying tomato leaf disease [7]. Cross-
platform detection frameworks, such as CPD-YOLO, have been developed for the identification of cotton
diseases, utilising advanced feature fusion and loss functions to improve accuracy and generalisation, achieving
an F1-score of 88.86% and a mean Average Precision (mAP) of 90.42% [8]. Overall, these studies demonstrate
a clear trend toward balancing accuracy, efficiency, and real-world applicability in deep learning-based plant
disease detection systems.

Therefore, this study proposes implementing and comparing the performance of the Nano variants of
YOLOvVS (YOLOv5n) and YOLOvV8 (YOLOv8n), chosen for their efficiency in resource-constrained
environments. The novelty of this research lies in two key aspects: first, the evaluation of model robustness on
a diverse dataset, where an 'ideal public dataset' refers to images collected under controlled, high-quality
conditions, while a 'private dataset' consists of locally collected images that reflect real-world challenges in
Indonesian rice fields; and second, a direct comparative analysis to evaluate inter-generational performance
improvements between two versions of YOLO: the anchor-based YOLOvVS, which uses predefined boxes
(anchors) to predict object locations, and the anchor-free YOLOvVS8, which predicts object locations without the
use of predefined boxes. The outcomes of this study are expected to provide insights into the superior
architecture for real-time deployment, serving as a foundation for developing precision agriculture systems that
assist farmers in early disease detection.

2. METHOD
This section outlines the research methodology, covering the research design, data acquisition and
preprocessing, model training, and the evaluation metrics used to assess the model's performance.

Research Design
This study followed a systematic workflow that included data acquisition, preparation, and
preprocessing, model training, and evaluation. The main stages are illustrated in the flowchart in Figure 1.

Data Collection

The dataset used in this study consists of two types: a private dataset and a public dataset. The private
data was collected through direct photography in the rice fields of Loa Kulu District, Kutai Kartanegara. A
total of 807 images acquired using digital camera (smartphone). The capturing distance between the camera
and the oil palm fruit object approximately 10—15 cm with outdoor under natural and sufficient illumination.
Those images captured in simple background. Then, these are saved in red, green, blue (RGB) color space and
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JPEG format with a resolution of 4,284 x4,284 pixels. In contrast, the public data was obtained from the Kaggle
platform (https://www.kaggle.com/datasets/anshulm257/rice-disease-dataset), a well-known repository for
datasets. It comprises 5,256 images in JPEG format with a resolution of 1200x1600 pixels.

Data Preparation and Preprocessing

The datasets were manually annotated in the Roboflow platform, with bounding boxes assigned to three
rice leaf disease classes: Brownspot, Hispa, and Sheath Blight. Preprocessing steps included auto-orientation,
resizing to 640x640 pixels, and augmentation to enhance generalization. The augmentation techniques applied
were random horizontal and vertical flips, rotations (—15° to +15°), and adjustments to saturation (£10%) and
brightness (+25%). The datasets were divided into training, validation, and testing subsets under two
configurations, as summarized in Table 1.
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Figure 1. Workflow of rice leaf disease detection

Table 1. Dataset distribution for public and private collections

Dataset Type Ratio Training Validation Testing Total Data
Public Dataset 80:10:10 4205 526 525 5.256
Public Dataset 90:5:5 4703 264 262 5.256
Private Dataset 80:10:10 645 81 81 807
Private Dataset 90:5:5 726 41 40 807

Data preprocessing was performed using the Roboflow platform. Roboflow is a web-based application
that streamlines dataset annotation and improves dataset quality [9]. The initial step was object annotation, in
which bounding boxes were drawn around the detected disease areas in each image. Following the annotation,
all images were resized to 640x640 pixels to match the model's standard input requirements and reduce
computational load. This process is a key part of image processing, which aims to improve the quality of image
data [10].

Subsequently, data augmentation was applied to increase the diversity of the training data. Data
augmentation is a technique for enriching the training set without collecting new data [11]. The techniques
employed included rotation, flipping, saturation, and brightness adjustments. The dataset was split into training,
validation, and test sets at 90:5:5 and 80:10:10. The public dataset was used for training and validation, while
the private dataset was reserved for final testing to evaluate the model's generalization on unseen data.

Model Training

The detection model was implemented in Python using the PyTorch deep learning framework [1], which
is designed for intensive computational tasks such as object detection. The core of the implementation is the
You Only Look Once (YOLO) algorithm, a real-time object detection method that utilizes a Convolutional
Neural Network (CNN) architecture [12]. This study specifically compares the performance of YOLOvS5 and
YOLOVS. The YOLOVS8 architecture features several enhancements, including a modified CSPDarknet53
backbone, a C2f module in the neck to improve feature fusion efficiency, and a decoupled head for separate
detection, classification, and regression tasks, all of which contribute to improved accuracy and efficiency [13].
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The process within the model involves feature extraction in the backbone, feature fusion in the neck using
techniques such as FPN and PANet, and, finally, prediction generation in the head. Post-processing steps such
as Non-Maximum Suppression (NMS) are applied to eliminate overlapping bounding boxes and retain only
the predictions with the highest confidence scores. The final output visualizes the processed image with
bounding boxes, class labels for the detected diseases, and a confidence score for each prediction [14], [15],
[16].

The models (YOLOv5n and YOLOvVS8n) were trained using a transfer learning approach. We utilized
pretrained weights from the COCO dataset to accelerate convergence and improve feature extraction
capabilities on the relatively small rice disease dataset. The training process consisted of 100 epochs with an
input image resolution of 640x640 pixels. To ensure stability, we employed the Stochastic Gradient Descent
(SGD) optimizer with a momentum of 0.937 and a weight decay of 0.0005. The initial learning rate was set to
0.01, and a linear learning rate scheduler was used. The batch size was set to 8 to accommodate the GPU
memory constraints while maintaining training stability. All experiments were executed in a controlled
computational environment to ensure fair comparison. The training and testing processes were performed on a
Lenovo Legion Pro 5i laptop equipped with an Intel Core i7-13700HX processor and 16 GB of RAM.
Acceleration for deep learning tasks was provided by an NVIDIA GeForce RTX 4060 with 8 GB of VRAM.
The software environment relied on Python 3.10.16 and the PyTorch 2.7.1 framework, running on Windows
11, with CUDA 12.4 for GPU processing.

Model Evaluation

The confusion matrix is widely used to assess classification performance by characterising the
relationship between predicted outputs and actual labels [4]. This study also employs it to evaluate the accuracy
of predictions in distinguishing pixels or regions that contain disease from those that do not. The confusion
matrix summarises the prediction results into four categories: true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN) [17], [18]. True positives (TP) indicate cases in which diseased areas
are correctly identified by the model, while true negatives (TN) indicate correctly identified non-diseased areas.
False positives (FP) arise when the model erroneously indicates that healthy areas are affected. A false negative
(FN) occurs when the model fails to identify affected regions. In accordance with the confusion matrix, we
evaluated the classification efficacy using precision, recall, and accuracy, as outlined in Equations (1) to (3).
Precision reflects the dependability of the recognised disease sites, whilst recall denotes the model's capacity
to identify all authentic disease sites. Accuracy is a metric that measures the extent to which forecasts are
typically precise [7]. In addition to classification metrics, the detection performance of disease areas was
assessed using Mean Average Precision (mAP) and Intersection over Union (IoU), as defined in Equations (4)
[19], [20] nd (5) [21], [22], respectively. The overlap between the predicted and ground-truth regions is
quantified using IoU, which indicates the model's ability to localise disease areas [7] accurately. Meanwhile,
mAP provides a comprehensive evaluation by summarizing detection performance across all classes into a
single metric [6].

Total Number of Predictions (1)
Accuracy =
Total Samples
.. TP 2)
Precision = TP+ FP
TP (3)
Recall = m
area of intersection 4
IoU = @)

area of union

1 ' (5)
mAP = NZ APi
i=1
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3.  RESULTS AND DISCUSSIONS

Both models were implemented using the Ultralytics YOLO framework in Python with the PyTorch
backend. The lightweight YOLOvVS8 and the baseline YOLOVS were trained for 100 epochs. A batch size of 8
(i.e., the number of images processed per update) was used. Training used stochastic gradient descent (SGD,
an optimization algorithm that updates model weights to minimize loss) with automatic learning rate
scheduling (adjusting how much the weights are updated during training). The public dataset (data openly
available for research) was used primarily for training and validation (tuning and evaluating model
performance). The private dataset (data not publicly available) was used to test generalization to real-world
images (assessing model performance on unseen data).

The detection results were evaluated using precision (the proportion of correct positive identifications),
recall (the proportion of actual positives correctly identified), mAP50 (mean Average Precision at 50%
Intersection over Union, or IoU), and mAP50-95 (mean Average Precision averaged over loU thresholds from
50% to 95%). Table 2 summarizes the comparative performance of the two models across datasets and split
ratios. The results show that YOLOvS achieved higher precision and mAPS50 on the private dataset, particularly
with the 90:5:5 split (precision = 0.907, recall = 0.886, mAP50 = 0.924). On the public dataset, both models
obtained similar mAP50 values, while YOLOVS8 showed a slight improvement in mAP50-95, indicating better
localization at stricter IoU thresholds. Additionally, YOLOVS consistently achieved a higher average IoU than
YOLOVS, confirming its superior spatial accuracy in bounding-box predictions. Overall, the comparative
analysis suggests that YOLOVS is more reliable for practical applications in rice leaf disease detection.

The superior performance of YOLOvVSn, particularly on the challenging private dataset, is primarily
driven by its architectural advancements over YOLOv5n. A key differentiator is the transition from anchor-
based detection, which relies on predefined reference boxes to estimate object locations (as in YOLOvV5n), to
the anchor-free paradigm employed by YOLOv8n, which directly predicts object centers. This architectural
shift grants the model greater flexibility in localizing rice leaf diseases with highly variable shapes and sizes,
such as the irregular lesions typical of Brownspot and Hispa. Moreover, YOLOv8n incorporates the C2f
module—an updated mechanism that enhances gradient flow and feature fusion—to replace the C3 module in
YOLOVS. This improvement enables the model to extract richer semantic information, proving critical for
distinguishing disease symptoms from the complex, cluttered backgrounds of local paddy fields.

Table 2. Performance comparison of YOLOvS and YOLOvS

Model Dataset Ratio Precision Recall mAP50 mAP50-95 IoU Avg
YOLOV5 Public 80:10:10 0.732 0.731 0.791 0.471 0.772
YOLOVS5 Public 90:5:5 0.745 0.713 0.797 0.473 0.761
YOLOV5 Private 80:10:10 0.870 0.840 0.871 0.586 0.741
YOLOV5 Private 90:5:5 0.883 0.876 0.895 0.578 0.815
YOLOvVS Public 80:10:10 0.736 0.731 0.791 0.475 0.750
YOLOvV8 Public 90:5:5 0.793 0.680 0.800 0.475 0.770
YOLOvV8 Private 80:10:10 0.874 0.874 0.868 0.590 0.856
YOLOvS Private 90:5:5 0.907 0.886 0.924 0.561 0.856

Figure 2 illustrates the learning trajectories of YOLOv5n and YOLOVS8n across both public and private
datasets under two split scenarios (80:10:10 and 90:5:5). The graphs track the progression of key metrics,
including training loss, validation loss, precision, recall, and mean Average Precision (mAP) [23], [24], [25],
[26]. Generally, the curves exhibit a steady decline in loss values, inversely correlated with increases in
detection metrics, indicating that the models converge robustly without significant overfitting. A comparative
analysis reveals that YOLOv8n demonstrates superior stability, with lower volatility in its validation curves
than YOLOvSn. This stability is most pronounced in the private dataset (90:5:5 split), where YOLOv8n
consistently maintains higher mAP scores. These graphical trends corroborate the quantitative data in Table 2,
reinforcing the conclusion that YOLOv8n offers better generalization capabilities for rice leaf disease detection
in diverse environments. Further analysis of the data in Table 2 reveals a significant impact of the data-splitting
strategy on model performance. The shift from an 80:10:10 to a 90:5:5 ratio resulted in a notable improvement
in the private dataset, where YOLOv8n’s mAP50 rose from 0.868 to 0.924. This suggests that the model
benefits substantially from a larger proportion of training data to effectively learn the specific visual
characteristics of local rice diseases. Additionally, the 'ToU Avg' column highlights a consistent trend where
YOLOVSn outperforms YOLOvVSn across all scenarios, achieving a peak intersection-over-union score of
0.856. This indicates that, beyond classification accuracy, YOLOv8n produces tighter, more precise bounding
boxes around disease lesions.
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Figure 2. The training and testing results using YOLO: (a) YOLOVS, public dataset, 80:10:10; (b) YOLOVS,
public dataset, 90:5:5; (c) YOLOVS, private dataset, 80:10:10; (d) YOLOVS, private dataset, 90:5:5; (e)
YOLOVS, public dataset, 80:10:10; (f) YOLOVS, public dataset, 90:5:5; (g) YOLOVS, private dataset,

80:10:10; (h) YOLOVS, private dataset, 90:5:5

The classification performance of the YOLOv8n model using two public dataset split scenarios
(80:10:10 and 90:5:5 for training, validation, and testing) is shown in Figure 3(a) and Figure 3(b), with the
classification report summarized in Table 3. As shown in Figure 3(a), the model achieved 100% accuracy in
classifying the three rice leaf diseases, correctly identifying 176 Brown Spot, 175 Hispa, and 175 Sheath Blight
samples. This high performance is likely due to the clear visual characteristics and clean backgrounds of the
public dataset, enabling effective feature extraction. Similarly, the confusion matrix in Figure 3(b) indicates
that the YOLOvV8 model with a 90:5:5 split also achieved highly effective classification performance in
detecting the three rice leaf diseases.
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Figure 3. YOLOVS confusion matrix for public dataset with ratio: (a) 80:10:10 and (b) 90:5:5

Table 3. Classification report model YOLOVS for public dataset

Label Ratio 80:10:10 Rasio 90:5:5
Precision Recall Accuracy Support Precision Recall Accuracy Support

Brownspot 1.00 1.00 1.00 176 1.00 1.00 1.00 88
Hispa 1.00 1.00 1.00 175 1.00 1.00 1.00 88
Sheath Blight 1.00 1.00 1.00 175 1.00 1.00 1.00 88
Accuracy - - 1.00 526 - - 1.00 264
Macro Avg 1.00 1.00 1.00 526 1.00 1.00 1.00 264
Weighted Avg 1.00 1.00 1.00 526 1.00 1.00 1.00 264

The YOLOv8 model achieved highly effective classification performance on the private dataset. It splits
into two scenarios (80:10:10 and 90:5:5 for training, validation, and testing) as shown in Figures 4(a) and 4(b).
The classification results were summarized in Table 4. Overall, as shown in Figure 4(a), the model achieved
100% accuracy, indicating no misclassifications on the test data. Additionally, the macro average and weighted
average for precision, recall, and F1-score also reached a perfect value of 1.00. This demonstrates that the
model has highly consistent and balanced classification across all classes, without bias towards differences in
sample distribution between classes. Figure 4(b) demonstrates that the YOLOv8 model has excellent
classification capabilities in detecting three types of rice leaf disease, Brown Spot, Hispa, and Sheath Blight,
on a data ratio scenario of 90% training, 5% validation, and 5% testing.

Sheath Bight
Sheath Baght

Hpa
predicted

(a) (b)
Figure 4. YOLOVS confusion matrix for public dataset with ratio: (a) 80:10:10 and (b) 90:5:5

Table 4. Classification report model YOLOVS for private dataset

Label Ratio 80:10:10 Rasio 90:5:5
Precision Recall F1-Score Support Precision Recall F1-Score Support

Brownspot 1.00 1.00 1.00 29 1.00 1.00 1.00 15
Hispa 1.00 1.00 1.00 22 1.00 1.00 1.00 12
Sheath Blight 1.00 1.00 1.00 30 1.00 1.00 1.00 14
Accuracy - - 1.00 81 - - 1.00 41
Macro Avg 1.00 1.00 1.00 81 1.00 1.00 1.00 41
Weighted Avg 1.00 1.00 1.00 81 1.00 1.00 1.00 41

Overall, the YOLOv8 model's performance in this scenario yielded a total accuracy of 100%, as
documented in Table 4. Not only was the accuracy perfect, but the macro average and weighted average for
precision, recall, and Fl-score also showed a perfect value of 1.00. This indicates that the model can
consistently classify all test images in a balanced manner, without bias toward the number of samples per class.

Furthermore, the YOLOvV5 model was tested using two dataset splitting scenarios: 80:10:10 and 90:5:5.
The results are summarized in the confusion matrices shown in Figures 5(a) and 5(b). Those provide a detailed
breakdown, showing the number of correct and incorrect predictions for each class. The matrix shows the true
positives and both false positives and negatives where the model misclassifies one disease as another.
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Figure 5. YOLOVS confusion matrix for public dataset with ratio: (a) 80:10:10 and (b) 90:5:5

Figure 5 shows that the YOLOvS model achieves highly accurate classification in this scenario,
achieving a perfect score for correct predictions across all three classes. The complete absence of classification
errors (false positives or false negatives) demonstrates the model's stability and reliability in consistently
detecting the three disease types. The detailed classification results are presented in Table 5, which provides a
performance evaluation of the YOLOv5 model on the public dataset. It split into two scenarios (80:10:10 and
90:5:5 for training, validation, and testing). Based on these evaluation results, the model demonstrated highly
optimal classification performance, achieving an overall accuracy of 100%. The classification results,
presented in Table 5, show that the precision, recall, and F1-score values for all classes are 1.00, indicating
perfect performance across all evaluation metrics.

Table 5. Classification report model YOLOVS for public dataset

Label Ratio 80:10:10 Rasio 90:5:5
Precision Recall F1-Score Support Precision Recall F1-Score Support

Brownspot 1.00 1.00 1.00 176 1.00 1.00 1.00 38
Hispa 1.00 1.00 1.00 175 1.00 1.00 1.00 88
Sheath Blight 1.00 1.00 1.00 175 1.00 1.00 1.00 88
Accuracy - - 1.00 526 - - 1.00 264
Macro Avg 1.00 1.00 1.00 526 1.00 1.00 1.00 264
Weighted Avg 1.00 1.00 1.00 526 1.00 1.00 1.00 264

The YOLOvS model achieved highly effective classification performance on the private dataset. It splits
into two scenarios (80:10:10 and 90:5:5 for training, validation, and testing) as shown in Figures 6(a) and 6(b).
The classification results were summarized in Table 6. Overall, as shown in Figure 6(a), the model achieved
100% accuracy, indicating no misclassifications on the test data. Additionally, the macro average and weighted
average for precision, recall, and F1-score also reached a perfect value of 1.00. This demonstrates that the
model has highly consistent and balanced classification across all classes, without bias towards differences in
sample distribution between classes. Figure 6(b) demonstrates that the YOLOvS model has excellent
classification capabilities in detecting three types of rice leaf disease, Brown Spot, Hispa, and Sheath Blight,
on a data ratio scenario of 90% training, 5% validation, and 5% testing.
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Figure 6. YOLOVS confusion matrix for private dataset with ratio: (a) 80:10:10 and (b) 90:5:5

Based on the confusion matrix in Figure 6(a), the YOLOvS model demonstrated excellent classification
performance, despite a few misclassifications in one class. The test was conducted on a total of 81 test images,
comprising 29 Brown Spot, 22 Hispa, and 30 Sheath Blight. Meanwhile, Figure 6(b) shows that the YOLOv5n
model achieved exceptional classification performance on the private dataset with the 90:5:5 split. The matrix
shows that all predictions are concentrated along the main diagonal, confirming that the model correctly
identified 15 instances of Brownspot, 12 of Hispa, and 14 of Sheath Blight, with no errors. The absence of off-
diagonal entries (False Positives or False Negatives) indicates that the model achieved a 100% success rate in
distinguishing the specific visual features of each disease class in this test set. However, while these results are
promising, they should be interpreted with caution, given the relatively small test subset (41 images), which
may have included samples that were easier for the model to generalize to. Overall, the YOLOVS5 classification
results are presented in Table 6. The YOLOvS5 model achieved total accuracies of 0.99 (99%) and 1.00 (100%)
for the dataset split ratios 80:10:10 and 90:5:5, respectively. It indicates near-perfect performance for the
80:10:10 split.

Table 6. Classification report model YOLOVS for private dataset

Label Ratio 80:10:10 Rasio 90:5:5
Precision Recall F1-Score Support Precision Recall F1-Score Support

Brownspot 1.00 1.00 1.00 29 1.00 1.00 1.00 15
Hispa 1.00 1.00 1.00 22 1.00 1.00 1.00 12
Sheath Blight 1.00 1.00 1.00 30 1.00 1.00 1.00 14
Accuracy - - 1.00 81 - - 1.00 41
Macro Avg 0.99 0.99 0.99 81 1.00 1.00 1.00 41
Weighted Avg 0.99 0.99 0.99 81 1.00 1.00 1.00 41

To qualitatively validate the model's robustness, we present the visualization of detection results in
Figure 7. The results demonstrate that the YOLOv8n model accurately recognizes and localizes diseases, both
on the public dataset, which features clean backgrounds (Figure 7d-f), and on the private dataset, which
presents natural lighting conditions and more complex backgrounds (Figure 7a-c). The model's ability to detect
diseases with precise bounding boxes on field images confirms its strong generalization capabilities and
readiness for deployment in actual agricultural conditions.

] B |
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(d) (e) ¢y
Figure 7. Visualization of detection results using YOLOvS8n on both private and public datasets. The Private
Dataset: (a) Sheath Blight, (b) Hispa, and (c) Brownspot, which present real-world lighting challenges. The
Public Dataset: (d) Sheath Blight, (¢) Hispa, and (f) Brownspot, characterizing ideal background conditions.
The model demonstrates consistent localization capabilities across both environments.

To further analyze the effectiveness of the proposed approach, a quantitative comparison of precision
and mAP metrics with previous works is presented in Table 7. Table 7, the proposed YOLOv8 model achieves
competitive performance compared to previous studies. The precision obtained in this study (90.7%) is notably
higher than that reported in [5], indicating improved reliability in detecting diseased regions. In terms of
mAP50, the proposed model (92.4%) is comparable to or slightly higher than other real-world implementations
such as [6], suggesting strong localization capability under challenging field conditions.

It is also important to note that several previous studies, such as [5] and [7], were evaluated using
publicly available datasets collected under relatively controlled conditions. In contrast, this study incorporates
a private dataset representing real agricultural environments, which introduces greater variability in lighting,
background, and disease appearance. Despite these challenges, the proposed model maintains competitive
performance, demonstrating better generalization capability. Therefore, the results indicate that the proposed
approach not only achieves strong quantitative performance but is also more suitable for real-world deployment
in precision agriculture systems.

Table 7. The performance comparison of the proposed model with the previous works

Study Model Dataset type Precision  mAP50 Remarks
[5] Multi-scale YOLOVS + Bi-FAPN Public (RLD) 0.822 - Multi-scale and attention-
based detection
[6] YOLOvV9t Field (Watermelon) - 0.920 Real-world dataset with
augmentation (SAM + PG)
[7] LT-YOLO (YOLOv8-based) Public (Tomato) - 0.909 Lightweight architecture
[8] CPD-YOLO Cross-platform - 0.904 UAYV and mobile-based
(Cotton) detection
This study YOLOv8 Public and Private 0.907 0.924  Evaluated on real-world
(Rice) dataset

4. CONCLUSION

Based on testing YOLOvS and YOLOvV8 on public and private datasets with 80:10:10 and 90:5:5
splits, several key findings were obtained. In terms of detection performance, YOLOvV8 consistently
outperformed YOLOVS. For instance, in the public dataset with the 80:10:10 ratio, while mAP50 and mAP50-
95 were comparable, YOLOv8 demonstrated higher precision. Similarly, in the 90:5:5 public dataset split,
YOLOVS excelled in both precision and mAP50. On the private dataset, YOLOVS consistently outperformed
across most metrics, including precision and recall, despite slightly lower mAP50 in the 80:10:10 and 90:5:5
scenarios.

This indicates that YOLOVS is generally more consistent in its precision and mAP, especially on the
private dataset. As for classification, both models showed excellent results. YOLOvVS achieved 100%
classification accuracy across all test scenarios, while YOLOVS5 also reached perfect accuracy, except for the
private dataset at an 80:10:10 ratio, where it recorded 99% accuracy due to a single false negative. Finally, the
research found that the private dataset yielded higher overall performance, suggesting that its superior image
quality had a greater impact on the model's performance than its larger size. Despite the promising results, this
study has several limitations. First, the private dataset is relatively small (807 images) and collected from a
single region, which may limit the model's adaptability to rice varieties from other regions. Second, the
evaluation was conducted on a high-performance GPU workstation, while actual field implementation often
relies on resource-constrained devices. Future research should focus on expanding the dataset variety to include
more disease types and environmental conditions. Additionally, further work is needed to optimize and deploy
the YOLOv8n model onto embedded devices (e.g., Raspberry Pi or Jetson Nano) or mobile applications to
directly support farmers in precision agriculture practices.
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