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Abstract

Rice is the staple food for more than half of the global population. However, the productivity and quality of rice or grain dropped significantly
due to leaf diseases. These diseases are difficult to identify through manual processes, which are time-consuming, labour-intensive and often
inaccurate, particularly in rural farming communities. With recent advances in computer vision technology, object detection algorithms,
namely the you only look once (YOLO) family, can provide high-speed, high-accuracy solutions for automated plant disease detection. This
study evaluates four YOLO variants, such as YOLOv5, YOLOv7, YOLOv8 and YOLOvV11, using about 1500 field images collected in Bangladesh.
The data represent four major rice leaf diseases, such as bacterial leaf blight, brown spot, leaf blast and sheath blight. Data pre-processing,
including image annotation and data augmentation, was conducted before model training and was followed by the training of the YOLO
models. All the models were trained with the same hyperparameters and their performance was evaluated using standard metrics, such as F1
scores, precision, recall and mean average precision (mAP). According to experimental findings, the YOLOV7 recorded the highest
performance based on F1 score of 0.77 and mAP of 0.85 in comparison with the rest of the variants. The results suggest that YOLOV7 will be the
most appropriate to use instead of other models in the detection of rice leaf disease in real-time, which can be utilised in precision agriculture

and mobile-based disease management systems.
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Introduction

Rice cultivation is recognised as one of the most significant
agricultural activities on the planet because of its commercial value
and cultural importance as a staple food crop. More than 2.7 billion
people worldwide rely on rice as their primary source of food.
According to the predictions of the UN Food and Agriculture
Organization (FAO), global rice output is expected to reach a record
556.4 million tonnes (t) between 2025 and 2026 (1). Bangladesh
ranks as the world’s third-largest producer and approximately 169
million people depend on rice as their primary staple food (2). Rice
production has shown a steady increase over recent years. Statistics
indicate that the production of rice is increasing day by day.
Therefore, research related to rice is becoming a vibrant field for the
food industry. Another significant challenge to rice production is the
emergence of diseases affecting rice leaves. The yield of rice has
decreased considerably due to diseases caused by bacteria, viruses
orfungi thatimpact the rice leaves. These organisms cause immense
destruction to the crop and significantly lower its yield. Some of the
rice leaf diseases with capacities to compromise such foliage consist
of bacterial leaf blight, brown spot, leaf blast, leaf scald, leaf tungro,
leaf ufra, narrow brown leaf spot and sheath blight, among others
(3). This study focuses on four major diseases: bacterial leaf blight,
brown spot, leaf blast and sheath blight. These types of rice leaf
diseases are typical of Bangladesh. Bacterial leaf blight is caused by

Xanthomonas oryzae pv. oryzae, while brown spot and leaf blast are
caused by fungal pathogens. Sheath blight, caused by
Rhizoctonia solani, is also a major disease affecting rice production
(4-9).

Therefore, computer vision is a more adequate method for
disease detection and classification. The technology of
convolutional neural networks (CNN) was initially introduced with
this purpose and it is a part of the larger class of artificial neural
networks (10). Transfer learning improves model performance when
large datasets are available (11-13). On the other hand, there are
substantial versions of the you only look once (YOLO) family, such as
YOLOv5, YOLOV8 and YOLOV9, that have been developed and
trained on large-scale real-world image datasets, enabling improved
accuracy, speed and generalisation performance across diverse
object detection tasks (14).

You only look once algorithms have proven to be very fast
and accurate when it comes to object detection in real time. The
current study outlines a comparative performance evaluation of
several advanced YOLO variants, including YOLOv5, YOLOvV7,
YOLOV8 and YOLOv11. It also stresses their ability to identify and
classify illnesses of rice leaves. Despite the availability of several deep
learning (DL) models, comparative evaluation of recent YOLO
variants using real field datasets remains limited. Therefore, this
study compares YOLOV5, YOLOv7, YOLOvV8 and YOLOv11 for the
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detection of rice leaf disease using field-collected images. The
objective is to identify the most accurate and reliable model for real-
time disease detection.

A wide range of methodologies has been explored for
classification and detection of rice leaf diseases based on machine
learming (ML) and deep learning (DL) models. According to the
findings of previous studies, there are nine major rice leaf diseases
worldwide, such as bacterial leaf blight, brown spot, leaf blast, leaf
scald, leaf smut, leaf tungro, leaf ufra, narrow brown leaf spot and
sheath blight. However, a field investigation in Bangladesh revealed
that the four most prevalent diseases, including bacterial leaf blight,
brown spot, leaf blast and sheath blight, are in practical agricultural
environments. (3).

With the advancement of artificial intelligence (Al) and
computer vision techniques, they became dominant for the
automated diagnosis of rice leaf diseases. Convolutional neural
network architectures such as Inception and ResNet have been used
for rice disease classification, applying transfer learing approaches
that significantly improved classification accuracy while decreasing
the requirement for large-scale training from scratch (15). For
instance, in one study, the University of Oxford developed the VGG-
16 CNN model, which was trained and evaluated using datasets
collected in paddy fields and web sources, achieving an accuracy of
92.42 % (16). In another study, three diseases including bacterial leaf
blight, brown spot and leaf blast, were investigated by using a corpus
of 1649 leaf images and a distributed event-learning model was
proposed that suggested 98 % higher accuracy (17). In addition, a
system based on the internet of things (IoT) and edge intelligence
has been suggested for real-time disease detection (18). The system
was tested on the 300 rice leaf images covering three disease types,
such as brown spot, rice hispa and leaf blast and obtained an
accuracy of 97.50 %.

Early studies focused on the conventional ML methods, such
as support vector machines (SVM), Naive Bayes and k-nearest
neighbour. They were widely applied for classification and feature

extraction tasks. For example, SYM was employed using texture,
colour and shape features obtained as segmented leaf regions,
reaching an accuracy of 97.2 % for bacterial leaf blight, sheath and
leaf blast detection (19). Comparative studies have shown that ML
techniques can achieve reasonable classification accuracy when
conditions are controlled, but tend to be sensitive to changes in
illumination, background noise and strategies of feature selection
(20).

Recently, the YOLO family of object detection models has
been extensively utilised in the detection of agricultural diseases. For
example, a YOLO-based method utilised on 200 datasets reported
that it achieved about 90 % accuracy (21). Moreover, an herb species
recognition neural network model, which was built on the basic
YOLO, was used to classify four herb species, such as Mehndi, betel
leaf, mint and aloe vera leaves and obtained an approximately 95 %
accuracy (22). Recent studies have demonstrated improved disease
detection accuracy using advanced YOLO variants such as YOLOV5,
YOLOvV7 and YOLOV8 (23-32). However, comparative evaluation of
recent YOLO variants using real field datasets remains limited. Most
previous studies focused on single models or laboratory datasets.
Therefore, benchmarking multiple YOLO models using field-
collected rice leaf images is necessary. The performance of recent
modelsin the literature are summarised in Table 1.

Although the current research on developing DL models in
rice leaf disease detection shows several promising signs, there are a
number of key limitations that can be identified. To begin with, the
absence of fair benchmarking is evident and few studies conduct
comparative analyses of several recent YOLO architectures,
including YOLOv5, YOLOv7 and YOLOv8, with the same
experimental conditions. Second, validation in the field is not
adequately developed, as most of the datasets are obtained in the
laboratory, which limits the ability of trained models to generalise to
real farm conditions. Third, cross-study comparisons are inaccurate
and potentially misleading due to discrepancies in assessment
protocols, among other things, the size of the datasets, methods of
pre-processing and the hyperparameters, performance measures,

Table 1. Summary of related studies on plant and rice leaf disease detection using machine learning models

Reference  Proposed method Dataset Diseases identified Accuracy (%) Additional notes
22 disease types related
(14) YOLO (v, v8 and 8858 images to apples, cucumbers, 50.65,91.81 and Outperformed YOLOV9
V) g 93.1
tomatoes and grapes ’
. . Leaf blast, bacterial .
(15) Inception ResNet v2 5200 images blight, brown spot 95.67 Transfer learning strategy
- Brown spot, leaf blast, Dataset compiled from field samples
(1) VGG16 1649 images bacterial leaf 92.46 and online
. 90 (Leaf blast), 70
(20) YOLO 200 images Leaf blast, brown spot (Brown spot) Custom dataset
(17) Lightweight Al 300 images Hispa, brown spot, leaf 97.5 -
Bacterial leaf blight, . .
(18) SVM - sheath blight 97.2 Image processing techniques used
(22) YOLOvV5 86 images - 96.5 Training across five different epochs
& g
(26) YOLOvV5 2050 images Mold detection - Outperformed YOLOv3 and YOLOv4
. Black rot, fish scale - .
(28) YOLOV5 5740 images disease, snow apple 91.93 Training on Plant Village dataset
SVM, Naive Bayes . Leaf blast, brown spot, B
(19) and CNN 3355images healthy leaf 13
Publicly available dataset . . 99.21 (Public), Designed for crop disease recognition
(29) YOLOv4 and local dataset Various crop diseases 97.89 (Local) and identification
3622 original datasets of . . 93.28 with mAP  New C2f-DCN module and the SCNet
(30) YOLOv8s wheat disease photos Multiple wheat diseases of 0.5 attention mechanism
Lightweight network MobileNetV3 for
MobileNetCA- Dataset of 3773 rice pest  Rice pest and disease 92.3 with mAP of feature extraction, reducing
(31)
YOLOv7 and disease images recognition 0.5 parameterization and incorporates the
coordinate attention mechanism (CA)
- - Deployed YOLO-NAS annotation
(32) Ygrl]‘(?\\(/(—g’l_\goh%\és 1000 IT;:fggisszgglecse plant  ALS, CBB, CBMV, bean 97.9 models into an Android app, validating

rust, anthracnose

their effectiveness.
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etc. Finally, there has been a lack of focus on robustness analysis,
especially in determining the ability of the different variants of YOLO
to act on realworld environments as related to changing
illumination and occlusion, the cpmplexity of th .surrounding Data Collection
environment and the natural environmental variability. All these (Field Real Data)

gaps point to the importance of a unified, field-based and holistic

Start

benchmarking study that would gua.rar!t.eze the validity of .the Data Pre—;'.-m cessing
performance measurement and viability of the practical - (Resize, Cropping,

implementation. To overcome these gaps, this paper conducts a Augmentation, Splitting)
systematic evaluation of the four recently developed YOLO
architectures, including YOLOv5, YOLOV7, YOLOv8 and YOLOv11, on Data Annotation
a dataset of field-collected rice leaf disease to benchmark them. It is (Data Leveling)

because all the models are trained and tested in the same
experimental conditions so that there is a fair comparison. The
research gives a detailed performance analysis based on various
detection measures, such as precision, recall, F1-score and average

precision mean. This work will bring credible findings on the The YOLO Model
comparative performance of the latest YOLO architectures and the Training Testing
most appropriate model to use in real-life applications of rice disease and Validation

detection. (YOLOVS, YOLOVT,
YOLOVS and YOLOV11)

Materials and Methods

This section outlines the methodological framework adopted for

the detection and classification of rice leaf diseases using shallow- Disease classification
trained YOLO models. A comprehensive pipeline that includes and detection
data collection, pre-processing, model training and evaluation are 3

depictedin Fig, 1. Result analysis using

Study area and data collection performance matrices

The dataset was collected by taking the photographs of the rice

¥
leaves in Barahipur, Feni, Bangladesh (approximate coordinates: @
23.025 °N latitude and 91.395 °E longitude) as shown in Fig. 2. Data

collection was conducted during the aman rice-growing season
from June-November, which coincides with the monsoon period  Fi

g. 1. Flow chart of the proposed approach.
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Fig. 2. Location of collected data.
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and provides favourable environmental conditions for the
development of common rice leaf diseases. Images were captured
using a Redmi Note 10 smartphone equipped with a 48-megapixel
camera. The raw dataset consisted of approximately 1500 rice leaf
images in total and was distributed into two primary categories:
healthy and infected samples. The infected class included four
major diseases, such as bacterial leaf blight, brown spot, leaf blast
and sheath blight, asillustrated in Fig. 3.

Data preparation

All images were resized to 416 x 416 pixels before training.
Standardising the image dimensions helps maintain consistent
feature scaling, reduces computational complexity and improves
training stability. The impact of this resizing procedure is shown in
Fig. 4. Subsequently, the dataset was divided into three categories:
70 % training set, 20 % validation set and 10 % testing set, that
ensures adequate data for model learning, hyperparameter tuning
and unbiased performance evaluation.

Annotation and augmentation

Images were annotated using the Roboflow platform (Fig.5). The
images were opened one at a time. Then, the boundaries of the
target lesion were manually drawn using a rectangle to identify the
location of the target lesion using the YOLO. It requires class label, x
-center, y-center, width and height. The labels attributed to each
occurrence were healthy, brown spot, leaf blast, sheath blight and
bacterial leaf blight, among others. The formatted data had
annotations that were exported in the YOLO text format (.txt). Data
augmentation was carried out with the help of Roboflow to
improve the diversity of data and reduce overfitting caused by the
small size of the sample. Several augmentation methods,
including horizontal and vertical flipping, random cropping,
rotation (90° and 180°), brightness adjustment, contrast
enhancement and colour jittering, were used (Fig. 6). These
changes produced diverse training samples and maintained
semantics within classes, hence enhancing the strength and the
overall generalisation power of the trained detection models.

Model architecture and training

In this study, four YOLO architectures, including YOLOVS5, YOLOV7,
YOLOV8 and YOLOv11, were trained and evaluated under identical
conditions to ensure a fair comparison. All models were initialised
with pre-trained common objects in context (COCO) weights and
subsequently fine-tuned on the rice leaf disease dataset. The input
images were resized to 416 x 416 pixels and a batch size of 16 was
used during training. Each model was trained for 100 epochs with
an initial learning rate of 0.001, using the adaptive moment
estimation (Adam) optimiser and an early stopping strategy with a
patience of 20 epochs to reduce overfitting. Training was
conducted on an NVIDIA RTX 3060 GPU with 12 GB of VRAM. Even
though traditionally YOLO models are trained through the
stochastic gradient descent (SGD) with momentum, this paper
used the Adam optimiser because of the relatively small size of the
dataset and faster convergence required during fine-tuning. The
mechanism of adaptive leaming rate in Adam arranges
dynamically changing the parameter updates according to the first
and second-order moment approximations and has the potential
to stabilise training and enhance convergence rate in the low-data
conditions. The comparative assessment is also fair and
consistent, as every four architectures were trained with the same
optimiser and hyperparameters.

Architecturally, YOLOV5 serves as a baseline, using a cross-
stage partial (CSP) backbone with a PANet neck and a unified
detection head (Fig. 7). Model YOLOV7 expands on this backbone
by introducing the extended efficient layer aggregation network (E
-ELAN), which improves gradient flow and feature reuse, resulting
in faster convergence and higher detection accuracy. Model
YOLOv8 adopts a decoupled head structure that separately
processes classification and localisation tasks, thereby improving
performance in detecting small or overlapping lesions on rice
leaves. The most recent iteration, YOLOvll, incorporates
additional architectural changes targeted at improving the
precision recall trade-off; however, its effectiveness in agricultural
disease detection is still being investigated. By evaluating these
four architectures within a standardised training framework, this
study establishes a reliable benchmark for selecting the most
effective YOLO variant for rice leaf disease detection in reatworld
agricultural conditions.

Results and Discussion
Performance metrics

The performance of YOLOV5, YOLOv7, YOLOV8 and YOLOv1l
models was evaluated using standard object detection metrics.
The analysis is based on traditional performance measures,
including precision, recall, F1 score, accuracy, average precision
(AP) and mean average precision (mAP). These measures make
sure that the performance of the models is evaluated not just on
the classification accuracy but also on the methods of localisation
and strength in the real field conditions.

Intersection over union

Object detection performance depends on predicted bounding
boxes overlap with ground truth annotations. This overlap is
quantified using intersection over union (loU):

Area (Bpreq N Bgt)
Area (Bpreq U Bgt)

loU = (Eqn. 1)

where, By is predicted bounding box and Bgis ground-
truth bounding box. A prediction is considered a true positive (TP)
if loU = threshold typical 0.5 and corrected background prediction
is defined as true negative. Otherwise, it is classified as false
positive (FP) and undetected objects are counted as false negative
(FN).

TP

Precision= —————
TP+ FP

(Eqn. 2)

Precision measures the reliability of positive detections.
High precision indicates low false-positive rates.

TP

Recall= ————
TP +FN

(Egn. 3)
Recall evaluates the model’s ability to detect all relevant

disease instances.
2x Precision/Recall

F1= (Eqn. 4)

Precision + Recall

F1-score balances both false positives and false negatives,
providing a unified performance indicator.

TP+ TN
TP+ TN +FP+FN

Accuracy = (Egn. 5)
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Fig. 7. F1 performance of YOLOV5, YOLOv7, YOLOV8 and YOLOv11 models.

Although widely used, accuracy alone is insufficient for
object detection due to class imbalance and localisation
sensitivity.

Average precision and mean average precision

In object detection, performance is more rigorously evaluated
using AP, which illustrates the area under the precision-recall (PR)
curve foreach class:

AP = fol Precision (Recall) dRecall  (Eqn.6)

The mMAP evaluates overall detection performance by

calculating the AP across all N classes.:
mAP = % Z?{—l Api (Eqn.7)

Two commonly used assessing standards are mAP at 0.5
and mAP at 0.5:0.953. The mAP at 0.5 metric computes mAP
using a fixed loU threshold of 0.5, whereas mAP at 0.5:0.95
averages the AP across multiple loU thresholds ranging from
0.5-0.095 with a step size of 0.05. At a more permissive level, mAP
at 0.5 is used where the emphasis being made on the detection
ability. Whereas at a more rigorous level, mAP at 0.5:0.95 offers a
more wholesome assessment of localisation accuracy. In this
paper, mAP 0.5 was mostly chosen to match the literature on
agricultural detection, but mAP at 0.5:0.95 was also cited to give
a more detailed perspective on bounding box regression
performance and resilience in real-field conditions. The matrices
report an overall assessment of the classification and localisation
error of each model.

Confusion matrices

The confusion matrices for YOLOv5, YOLOv7, YOLOv8 and
YOLOV11 on the test dataset of rice leaf disease is shown in Fig. 8.
In each, the matrices demonstrate the distribution of samples
classified correctly and incorrectly in five categories: bacterial
leaf blight, brown spot, healthy leaf, leaf blast and sheath blight.
The values that are found to be correct on the diagonal denote
the correctly identified cases, whereas the values that are found
to be off diagonal denote misclassification. The findings indicate
that YOLOV7 possesses the highest level of consistency and its
diagonal dominance is strong in all the classes, meaning it has an
equal level of precision and recall. It has a smaller number of
misclassifications among visual-related diseases like brown spot
and leaf blast. Model YOLOVS is also effective and is confused
with sheath blight and brown spot, which implies it is sensitive to
the variation of the background. Model YOLOv11 has competitive
accuracy on most classes and has a weaker generalisation than
that of YOLOV7. Instead, YOLOV5 produces more false positives
and cross-class confusion, particularly between the categories of
healthy and diseased leaves, despite having the highest overall
recall. The confusion matrices support the quantitative
performance metrics, confirming that YOLOV7 is the most robust
and reliable classification across all categories of rice leaf
diseases, while YOLOV5 tends to overpredict disease presence
and YOLOv8 and YOLOv11 are intermediately robust.

Confidence and optimisation insights

The F1 score curves for all four YOLO models under evaluation
are depicted in Fig. 8. The correctly assessed YOLOvV7 will have
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Fig. 8. Confusion matrices of YOLOv5, YOLOv7, YOLOv8 and YOLOv11 models for rice leaf disease detection.

the maximum F1 of 0.76 with the confidence threshold of 0.474,
which is an ideal compromise between precision and recall. This
confidence level will optimise the capability of the model to
accurately characterise rice leaf diseases with the fewest
inaccurate positive results and negative outcomes. Model
YOLOv7 maintains higher precision across a range of confidence
thresholds compared to other models (Fig. 9). Likewise, as
demonstrated in Fig. 10, YOLOV7 has the best recall rate,
detecting more true positives than YOLOv5, YOLOv8 and
YOLOv1l. This stability in recall reduces the hazard of
undetected diseased samples.

Precision-recall analysis

The precision-recall (PR) curves of all four prefixes of the YOLO
models under consideration are graphically shown in Fig. 11. The
PR curve is an all-inclusive measure of the performance of this
model in terms of classification across the different threshold
settings. Model YOLOV7 is the only model that shows a high
precision and recall ratio irrespective of the type of rice leaf
disease affected in several categories. This shows that it is
effective both in identifying positive cases correctly as well as
reducing false negatives even with varied confidence thresholds.
In contrast, YOLOv5 and YOLOv8 show significant recall
decreases for specific disease classes. This decline is especially
noticed in the cases of image noise, background clutter or
different lighting conditions, which are the elements that are
regular in the real-world agricultural conditions. These
discrepancies indicate that, on one hand, YOLOv5, YOLOvV8 and
YOLOV11 can be highly precise; still, their ability to identify all the

positive cases is relatively lower. Owing to the above, the PR
curve further suggests the overall better generalisation ability of
YOLOVT and strength under field conditions.

Subjective evaluation

The qualitative performance of YOLOv5, YOLOv7, YOLOV8 and
YOLOv11 models in the training and testing stages using visual
samples of the dataset are shown in Fig. 12 and 13. During the
training step, the YOLOv7 model generates good-quality and
continuous bounding boxes, as well as the proper class label of
the observed rice leaf diseases (12). The model provides clear
disease-affected areas with fewer false positives and
misclassifications. This indicates strong learning capability and
effective feature extraction during training. During the testing
phase, YOLOv7 maintains its performance consistency,
accurately detecting and classifying unseen images (Fig. 13). The
bounding boxes are well-aligned with disease symptoms and class
predictions show high reliability. In contrast, YOLOv5 and YOLOv8
occasionally exhibit bounding box misalignments or missed
detections, especially in images with occlusions, variable lighting, or
background noise. Model YOLOv11, while performing detection
comparatively well, does not consistently surpass YOLOVT7 in
precision or clarity. These visual assessments reinforce the
quantitative results by confirming that YOLOvV7 is not only
statistically superior but also visually more reliable in practical
detection tasks.

The training and validation loss curves, as well as
evaluation metrics (precision, recall, mAP) of YOLOv5, YOLOV7,
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Fig. 10. Recall performance of YOLOv5, YOLOv7, YOLOV8 and YOLOv11 models.
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Fig. 13. Subjective performance evaluation of YOLOv5, YOLOV7, YOLOv8 and YOLOv11 models testing.
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YOLOv8 and YOLOV11 are shown in Fig. 14. In all the models, it is
observed that the box loss, objectless loss and classification loss
are on a steady downwards trend, signifying that the networks
were able to learn the localisation and classification of rice leaf
disease features over the epochs. Model YOLOV7 has shown the
most steady and fast convergence amongst the models and it
has lesser total loss values and gentler curves, which indicate
efficient optimisation and higher generalisation. In contrast,
YOLOv8 and YOLOV11 also converge effectively but exhibit more
fluctuation in classification loss, suggesting sensitivity to intra-
class variability. Although it has a sharp initial decrease in loss,
YOLOV5 has relatively higher residual losses than the other
models, a fact that is consistent with its lower F1-score and mAP
achievements.

Model comparison

The performance of each YOLO model is represented in Table 2.
The precision of all models was perfect (1.00) at different
confidence thresholds, meaning that when a disease was
detected, it was correctly classified. Nonetheless, differences in
performance variables like F1 score, recall and mAP have a
considerable impact on model effectiveness. Model YOLOV7 has
the highest F1 (0.77), mAP (0.85) and accuracy (0.723) values,
indicating that it has the best balance between precision and
recall. As a result, it provides the most consistent results when
dealing with varied situations of the ailment. Model YOLOV5 was
the highest recall achiever (0.93) with the lowest F1 score (0.68). It
demonstrated a stronger bias for misclassification or
overprediction of disease due to its high sensitivity. Although the
performances of YOLOv8 were competitive, its recall and mAP
scores were slightly lower compared to those of YOLOvT.
Therefore, YOLOV7 was more accurate than YOLOVS8 in general
detection in a rice leaf disease classification problem. Model
YOLOv11 had similar F1 and recall values but obtained low mAP
compared to YOLOVS5, YOLOvV7 and YOLOvS. This work comes
with several improvements as compared to the studies that have
been summarised in Table 1. To start with, even though much of
the previous research work is based on small or curated datasets
(15, 20), the current research presents a real-world field dataset
of 1500 images taken under natural farming conditions, which
are more representative of the difficulties of the agricultural
environment, such as variable lighting, background clutter and
occlusion. Second, most of the previous research only used one
version of YOLO (20, 23, 27), but this work presents the first
thorough comparison of four different YOLO variants. Like
YOLOV5, YOLOvV7, YOLOV8 and YOLOv11 trained with the same
condition for the purpose of fair benchmarking. Third, the
current study does not adopt a multi-metric assessment
framework but utilises accuracy in classification; like in previous
studies, it uses several metrics, including precision, recall, F1-
score, accuracy, mAP and qualitative analysis of visualisation to
provide the reader with a better and wider analysis of the
performance. Lastly, the findings of the research question may
be used to assert that YOLOv7 is the best and most stable
solution, which can be applied to the field of performance

Table 2. Model performance comparison
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related to model parameters, not only to the academic
knowledge about the selected instruments but also to the
practical conventions of the application of Al devices in the
sphere of precision agriculture.

Discussion

The comparative analyses of the four YOLO architectures offer
some insights into the appropriateness of the architectures to
utilise in real-field scenarios in detecting rice leaf disease. Out of the
experimented models, YOLOV7 showed better overall results,
which shows that its architecture advances lead to more efficient
feature extraction and object localisation in complicated
agricultural images. The relatively high recall of YOLOV7 indicates
that the model is especially useful when localising diseased leaves,
since this is an important aspect in the field of agriculture, where a
missed case of disease might result in the loss of a crop. This
feature demonstrates the possibility of the model to diagnose and
prevent the diseases of crops at the earliest. The differences
between the variants of YOLO that could be observed can be
explained by the different network designs, feature fusion
mechanisms and training optimisation. YOLOv7 incorporates
improved training techniques and efficiently designed backbone
networks which most probably enhance its accuracy to detect
subtle visual patterns of various rice leaf diseases. Contrarily,
previous architectures like YOLOV5 might be sensitive to subtle
variations in the leaf texture or lesion patterns. particularly with a
comparatively small dataset. Although the outcomes achieved are
promising, the volume of data and the scope of geographical
location is notable areas of weakness. The data used to create
figures in this paper was obtained in a particular agricultural
setting in Bangladesh and this factor may not be able to
extrapolate existing results to additional environmental factors,
rice types or disease symptoms. Diets that occur throughout
different regions, such as climate differences and soil differences
could also affect the appearance of diseases and it is important to
train models using more varied and geographically representative
data. The results also point to the feasibility of the practical
implementation of lightweight object detection models in the field
of agricultural monitoring. Since YOLOv7 was very good at such
detection, there is an opportunity for having disease-detecting
frameworks run on mobile phones or edge computing systems
that allow farmers to do the diagnosis themselves without
necessarily going to the laboratory or a professional to perform the
diagnostic. These Al-based diagnostic aids would help
tremendously to improve precision agriculture in both rural and
limited-resource farming systems.

Conclusion

The study involved a comparative analysis of 4 you only look once
(YOLO) based deep learning (DL) systems to detect and classify rice
leaf diseases based on a realfield study that was held in
Bangladesh. The dataset was made up of about 1500 annotated
images which were subject to five classes: healthy leaves and 4
major rice diseases; namely bacterial leaf blight, brown spot, leaf

Model Precision (confidence) Recall F1 mAP at 0.5 Accuracy
YOLOv11 1.00 (0.731) 0.92 0.76 0.80 0.62
YOLOv8 1.00 (0.954) 0.91 0.74 0.83 0.61
YOLOv7 1.00 (0.843) 0.92 0.77 0.85 0.723
YOLOvS 1.00 (0.887) 0.93 0.68 0.82 0.66
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blast and sheath blight. To guarantee a complete performance
comparison, the models were assessed by conventional
evaluation tools like precision, recall, F1-score and mean average
precision (MAP). The experimental evidence showed that YOLOv7
was better than the other tested models, as it has offered a
balanced functionality in relation to detection precision and recall.
This suggests that YOLOV7 can efficiently locate disease symptoms
in rice leaves and reduce false alarms, a feature that is essential in
the detection of early signs of disease in agriculture (especially
early disease detection). The results indicate the possibility of the
use of advanced object detection models to aid automated crop
disease monitoring systems. The efficiency and speed of YOLO-
based architectures also demonstrate good potential of real-world
deployment of the proposed approach. These systems may be
added to mobile or embedded systems, such as edge orinternet of
things (loT) devices, so that farmers can diagnose diseases swiftly
and conveniently in the field. Such an ability might greatly
contribute to precision agriculture activities by enabling quick
response and better crop control, especially in the small-scale and
farm-scarce rural agricultural settings. However, this study has
some limitations. The amount of collected data and its spatial
concentration could limit the ability to generalise the trained
models to other agriculture types and rice varieties. Further
research into work is thus advised to include adding more images
taken in different areas and several other rice diseases to make the
model robust. Moreover, inclusion of attention mechanisms or
lightweight neural networks, including MobileNet-based YOLO
versions would enhance computational efficiency whilst retaining
precision in detection. Such gains would help improve artificial
intelligence (Al) based agricultural disease monitoring systems to
be more scalable and reliable.
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