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Abstract

Correct and timely diagnosis of plant diseases is crucial for improving crop performance. Therefore,
developing a precise and reliable intelligent system for managing leaf diseases in trees is very important for
farmers. This study aims to develop an artificial intelligence-based solution for detecting leaf diseases in quince
trees using a state-of-the-art single-stage object detection model, YOLO (You Only Look Once). Images of
diverse leaf diseases affecting this tree were collected from multiple sources, including agricultural research
centers in Isfahan Province, Iran, relevant websites, and researchers. In this study, a transfer learning approach
was employed to evaluate three well-known YOLO models (YOLOv5m, YOLOvV7, and YOLOv8m) based on
their detection and identification performance. Statistical metrics, including precision, recall, F1-score, and
accuracy, were used to evaluate and compare the performance of the investigated models. The results indicate
that the accuracy of the YOLOv5m, YOLOvV7, and YOLOvV8m models were 78%, 83%, and 87%, respectively.
Experimental results revealed that YOLOv8m, trained from scratch on the dataset, demonstrates substantial
capability in identifying leaf diseases in quince trees. In addition, a comparison showed that this model
outperformed other investigated models with scores of 0.87, 0.66, 0.69, and 0.67 for accuracy, precision, recall,
and F1-score, respectively. Based on the overall results of this research, the YOLOv8m model trained in this
study can be introduced as a specialized tool for this particular crop. Therefore, the developed model in this
study, specifically tailored to quince leaf diseases, can be integrated into diagnostic software for tree leaf
diseases. Such software can assist farmers in accurately diagnosing diseases, ultimately reducing economic
losses.
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Introduction

Various agricultural and horticultural
diseases are among the most significant factors
affecting crop yield and quality. Controlling
these factors has consistently been one of the
major challenges in agriculture. The quince
tree is not exempt from these risks, as
numerous diseases affecting this crop have
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been identified worldwide. These diseases can
damage the leaves, branches, and trunk of the
tree. Given the limited knowledge of farmers
and the lack of access to expert horticulturists,
farmers rely on personal experience to manage
tree diseases and distinguish between different
types. Consequently, the results are often more
subjective. Such predictions are generally less
accurate, and the identification of diseased
leaves may be accompanied by a higher degree
of error. Therefore, establishing a suitable
framework for accurate and reliable disease
detection is both necessary and essential
(Oerke, 2006; Savary et al., 2019).
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Recent  advancements in  hardware
technology and enhanced computational
speeds have propelled the development of
image processing-based machine learning
algorithms,  significantly  advancing the
automation of plant disease detection. Ramesh
et al. (2018) proposed a machine learning-
based classification technique for detecting
diseases in certain crops. In a similar study,
deep learning  techniques, particularly
convolutional neural network (CNN) models,
were applied for the identification and
diagnosis of plant diseases using images of
both healthy and infected plant leaves
(Ferentinos, 2018). Castelao Tetila, Brandoli
Machado, Belete, Guimaraes, and Pistori
(2017) investigated six different machine
learning approaches for identifying infected
soybean leaves, with images captured from
various heights by an unmanned aerial vehicle.
Their research findings indicated that color
and texture features significantly impact
detection accuracy. Multiple CNN models
were trained on a dataset of 500 natural
images, encompassing both healthy and
diseased rice leaves and stems, to classify 10
prevalent rice diseases effectively.
Experimental results showed that the proposed
model was able to distinguish diseases with an
average accuracy of 95.48% (Lu, Yi, Zeng,
Liu, & Zhang, 2017). The application of deep
learning architectures for detecting diseases
and pests in tomato plants using images of
different resolutions was explored (Fuentes,
Yoon, Kim, & Park, 2017). Sladojevic,
Arsenovic, Anderla, Culibrk, and Stefanovic
(2016) proposed an innovative method for
plant  disease  detection using  deep
convolutional networks. By isolating plant
leaves from their surrounding environment, the
proposed CNN-based model successfully
identified 13 common plant diseases. The
experimental results indicated that the
proposed CNN-based model exhibited strong
detection performance, with an average
accuracy of 96.3%. Tiwari, Joshi and Dutta
(2021) introduced a dense CNN model for the
detection and classification of diseased plant
leaves obtained from images of different

resolutions. Hu, Wei, Zhang, Bao, and Liang
(2021) developed a model to evaluate the
severity of tea leaf blight using photographs of
natural scenes. The initial disease severity
(IDS) index was determined by segmenting
disease spot locations on tea leaf blight images
using an SVM classifier.

YOLO is a widely utilized algorithm in
computer vision for object detection. Unlike
traditional object detection methods, which
often involve multiple sequential processing
stages, YOLO performs object recognition and
bounding box regression in a single forward
pass through a neural network, streamlining
the detection process. (Xue, Xu, Bai, & Lin,
2023). The earlier version of the YOLO
family, YOLOv5m, has been effectively
employed across various fields, such as fruit
recognition for harvest robots (Kuznetsova,
Maleva, & Soloviev, 2020), vehicle detection
(Kasper et al.,, 2021), and face recognition
(Yang et al., 2020). Due to the high capability
of the YOLOv7 algorithm, this model has
attracted considerable attention from machine
learning and data modeling researchers.
Several researchers have applied it to various
recognition tasks, such as duck detection and
counting (Jiang et al., 2022), defect detection
in different materials (Wang, Wang, & Xin,
2022), and vehicle tracking (Tran, Pham,
Nguyen & Jeon, 2022). Gallo et al. (2023)
utilized the YOLOv7 model to identify weeds
within a dataset of Chicory plants. Similarly,
the YOLOV7 architecture was employed for
fruit detection in orchards, which facilitated
the task of harvesting robots in locating and
gathering fruits (Chen et al., 2022; Zhou et al.,
2022). Given the high capabilities of the
YOLO algorithm family in identifying leaf
diseases and pests in agricultural products, this
study aimed to use YOLOvV7 as a baseline
model.

To the best of our knowledge, there has
been no research conducted to evaluate quince
leaf diseases using deep convolutional neural
network algorithms. The lack of research on
this topic can be attributed to several
limitations. A primary challenge is the limited
availability of leaf images for training and
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evaluating the YOLO model. At present, there
is no dedicated database specifically designed
for leaf diseases of this crop. Another factor
may be that this crop is cultivated only in a
limited number of countries, which could lead
to a lack of interest among researchers in
developed countries in using artificial
intelligence algorithms for identifying diseases
of this crop. The present study is designed to
identify and diagnose the main and common
leaf diseases of quince trees using images
taken from orchards in Iran. According to
research history, this is the first time that
YOLO models are being used as the base
architecture for detecting quince leaf diseases.
Therefore, this study pursues the following
two primary objectives to achieve an optimal
model. 1. Conduct a comparative analysis of
state-of-the-art YOLO models for the
automatic detection of quince leaf diseases. 2.
Establish a database of quince leaf images to
enable researchers who intend to test their
developed deep learning models on quince leaf
images.

Materials and Methods

Image acquisition

The images of quince tree leaves were
sourced from various origins, including the
Agricultural Research Center of Isfahan
Province, relevant scientific websites, and

prior researchers who conducted studies on
this crop. The images were captured using a
Samsung A720 smartphone with an initial
resolution of 2592x 4608 pixels. Since the
images are captured at high resolutions,
preprocessing is required to match the input
size expected by YOLO. Therefore, the
training images were resized to the target input
dimensions of 640x 640. In this study, three
common leaf diseases of quince trees,
including leaf spot (early leaf blight), fire
blight, and leaf blight, were prepared. Their
differences are illustrated in Fig. 1. For
training YOLO models, an effort was made to
obtain 400 images of each leaf disease,
ensuring an equal number of images for each
disease category. Given that training deep
learning networks requires a substantial
number of images, new images were generated
using standard augmentation techniques,
including rotation, horizontal flipping, vertical
flipping, and brightness adjustment at two
levels. These augmentations were applied
solely to the training and evaluation datasets.
For training the YOLO network, the images
and labels were partitioned into training,
validation, and test sets in a ratio of 70:15:15.
As a result, 4200 images were designated for
the training set, 900 images for the validation
set, and 180 images for the test set.

Fig. 1. Common quince leaf diseases: a) leaf spot, b) leaf blight, and c) fire blight

Image labeling

For the preparation of images for training
the YOLOv7 network and delineating the
bounding boxes around the diseased areas on

the leaf surface, it is essential to label only the
diseased spots as features and identify their
corresponding class. To perform the labeling,
the Labellmg software was utilized to annotate
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the diseases on the leaf surfaces. An example
of a labeled leaf and its corresponding
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coordinates is illustrated in Fig. 2.
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Fig. 2. Labellmg interface as a graphical image annotation tool for generating bounding boxes around defects; a)
software interface, and b) coordinates of the created boxes

YOLO architectures

YOLOvV5

YOLOVS5, released in 2020 by Ultralytics,
introduced an evolution in object detection
with its focus on practicality and deployment.
Unlike its predecessors, YOLOV5 is not an
official iteration from Joseph Redmon, the
original creator of YOLO, but it has gained
significant adoption due to its ease of use,
lightweight nature, and fast inference speeds.
The architecture follows a CSPNet (Cross
Stage Partial Network) backbone to enhance
feature extraction and reduce computation. It
incorporates a PANet (Path Aggregation
Network) neck for better spatial and semantic
feature fusion and uses the YOLO head for
bounding box regression and classification
(Paul et al., 2022).

YOLOv7

YOLOvV7, introduced in 2022, is considered
one of the most efficient YOLO models in
terms of speed and accuracy trade-offs. The
model builds on the concepts of YOLOv4 and
YOLOvV5m while introducing several new
techniques to optimize performance. It
incorporates preprocessing strategies from
YOLOvbm and employs mosaic data
augmentation, which is effective for detecting
small objects. In terms of architecture, it

introduces expanded ELAN (E-ELAN) as an
enhancement of ELAN, forming the
computational backbone of YOLOv7. E-
ELAN employs techniques like shuffle,
expand, and merge cardinality to continuously
boost the network's learning capacity without
affecting the gradient path. Group convolution
is employed to increase the channel and
cardinality within the computational block,
allowing different sets of blocks to learn
various  features.  Moreover, YOLOvV7
integrates compound model scaling for
concatenation-based models, maintaining the
model's original attributes while optimizing its
structure. The model also emphasizes various
trainable optimization modules and
techniques, collectively referred to as "bag-of-
freebies" (BoF), which enhance performance
without increasing training costs. Its ability to
outperform other YOLO models in both FPS
(frames per second) and mAP (mean Average
Precision) has solidified its reputation in object
detection benchmarks (Wang, Bochkovskiy, &
Liao, 2023).

YOLOvS8

YOLOvV8, the latest release from
Ultralytics, aims to unify the simplicity of
YOLOv5m with architectural advancements
inspired by YOLOvV7 and other state-of-the-art
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techniques. It integrates a custom backbone
with  features like convolutional block
attention modules (CBAM) and a decoupled
head design for separate regression and
classification tasks, enhancing precision.
YOLOV8 further improves training efficiency
through adaptive training hyperparameters and
supports advanced post-processing techniques
such as non-maximum suppression with soft
thresholds. This model is designed with an
emphasis on real-time applications and ease of
deployment, supporting ONNX and TensorRT
exports. Its scalable design enables it to cater
to a variety of edge and cloud-based tasks,
making it a comprehensive tool for modern
object detection needs (Francesco, 2023).

Training process of YOLOv7

downloading and cloning the ‘YOLOvSm’,
‘YOLOvV7’, and ‘YOLOv8m’ code from
GitHub. The latest version of "YOLOVT' is
compatible with Torch and can be easily
executed using 'Google Colab'. This process
generates a new directory on the system
named "YOLOv5m (7,8), which includes the
model's  pre-trained weights and the
corresponding YOLO directory structure.
After training is completed, a new subfolder is
created within the "YOLOv5m (7,8)" directory.
The path to this subfolder is specified as
"YOLOv7/run/training/experiment/weights/last
pt. The size of the weight file will vary
according to the 'yaml' configuration used. Fig.
3 illustrates the block diagram of the training
and testing framework for the investigated
model.

The YOLO package is set up by

Split dataset t Label dataset

Dataset plit dataset to A tati using Labellm

alase —( train/val/test — Hgmentation —l g g

Traini Start coding

Final model ramning YOLO in
— i
YOLO Google Colab

Hyperparameters
Tuning

Fig. 3. Block diagram of the training and evaluation process for the proposed ‘YOLOv5m (7,8)’ model

One of the crucial steps after implementing
a machine learning-based system is its
evaluation using test datasets. To assess the
performance of the YOLO network in
identifying leaf diseases in quince trees,
various metrics are utilized, including
accuracy (Eq. 1), precision (Eq. 2), recall (Eq.
3), Fl-score (Eg. 4), and mean average
precision (Eq. 5).

TP+TN

Precision = ———— X 100 (¢D)
TP+FP+FP+FN

Precision = —— x 100 (2
TP+FP

TP
Recall = x 100 3)
TP+FN
F1 — score = 2xPre'ci'sion><Recall % 100 (4)
Precision+Recall

mAP = %Z?’:lAP X 100 (5)
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where True Positives (TP) denote instances
where the model correctly identifies the
positive class, and True Negatives (TN)
represent instances where the model accurately
identifies as the negative class. False Positives
(FP) and False Negatives (FN) are the
instances where the model incorrectly predicts
as positive and negative classes, respectively.
In Equation 6, AP refers to the area under the
precision-recall curve, typically calculated
using numerical integration, and N represents
the number of classes.

Results and Discussion

The Confusion Matrix obtained from
YOLOv5m, YOLOv7, and YOLOvV8m are
illustrated in Fig. 4. The number of TP
combinations for every class is displayed on
the diagonal, from top left to bottom right. The
result of YOLOv5bm (Fig. 4(a)) shows that
78% of all objects in the class of leaf spot,
73% of all objects in the class of leaf blight,
and 83% of all objects in the class of fire
blight were properly classified. Furthermore,
the model identified that 22% of the leaf spot
class remained unrecognized. 22% of all
objects of leaf blight was found grouped as
unknown, and 17% of all objects of fire blight
class were categorized as unknown and were
not categorized by the classifier into any class.
The results presented in Fig. 5(b) indicate that
85%, 77%, and 88% of all objects in the leaf
spot, leaf blight, and fire blight classes,
respectively, were correctly  classified.
Moreover, as illustrated by the confusion
matrix in Fig. 5(c), YOLOv8m outperformed
the other models in detecting all three classes.
Specifically, the YOLOv8m model achieved
proper classification rates of 88%, 83%, and
91% for the leaf spot, leaf blight, and fire
blight classes, respectively. As the results of
the confusion matrices show, the performance
of all models in detecting fire blight is higher
than that for leaf blight and leaf spot. The
misclassification of leaf spot and leaf blight
diseases by the networks is primarily attributed
to their similar patterns, which are
characterized by dark spots of varying shapes
on the leaf surface. In contrast, fire blight

presents a distinct visual pattern with burned
or uniform areas along the leaf margins,
markedly different from the patterns observed
in leaf spot and leaf blight. Consequently, the
results obtained from the confusion matrix
align logically with these distinctive visual
features.

Fig. 5 illustrates the trends of precision,
recall, mean Average Precision (mAP), and
error (class) rates. The convergence of the loss
metric, coupled with the other performance
metrics, demonstrates the effectiveness and
adequacy of the training process for all YOLO
models. In Fig. 5, the trend of evaluation
parameters, particularly the loss diagram,
indicates that all models improved rapidly
from the starting point to 40 epochs, after
which the improvement plateaued. A
comparison of the loss across the three models
reveals that YOLOv8m converges at 60
epochs, whereas YOLOv7 and YOLOv5m
achieve convergence at 120 epochs. The faster
convergence of YOLOv8m highlights its
superior learning capability compared to the
YOLOv7 and YOLOvV5m models.

Table 1 presents the evaluation parameters
for the three investigated models. The results
indicate that fire blight disease, owing to its
distinct features and differentiation from other
diseases, achieved the highest F1-score. This
score highlights the superior performance of
all models in classifying fire blight compared
to leaf spot and leaf blight diseases. Leaf spot
disease, which has visual similarities with both
fire blight and leaf blight, demonstrates the
highest error rate among the diseases studied.
The mean F1-scores of YOLOv5m, YOLOvV7,
and YOLOv8m were 61%, 64%, and 67%,
respectively. These results indicate the
superior  discriminative  capability  of
YOLOvV8m in detecting leaf diseases.

Comparing the results of this study with
those of other research, the findings
demonstrate that the YOLOv8m model
exhibits a high capability in detecting diseases
in quince trees. In the identification of
bacterial leaf diseases in flax using an artificial
neural network, the model achieved an
accuracy of 85% in classifying three types of
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diseases (Rothe & Kshirsagar, 2015). The
detection of five different diseases in tea plants
was examined and evaluated using the
YOLOv7 algorithm. This evaluation utilized
4,000 images of diseased tea leaves, resulting

in the following performance metrics:
g
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Fig. 4. The confusion matrix of: (a)YOLOv5m, (b)YOLOvV7, and (c)YOLOv8m

Table 1- Details of evaluation metrics of the validation dataset for YOLO v5m, v7, and v8m models

Model Leaf disease Precision Recall F1-Score Accuracy

Leaf Spot 0.62 0.53 0.57

YOLOv5m  Leaf Blight 0.53 0.63 0.58 0.78
Fire Blight 0.68 0.70 0.69
Leaf Spot 0.58 0.61 0.59

YOLOv7  Leaf Blight 0.59 0.64 0.61 0.83
Fire Blight 0.74 0.69 0.71
Leaf Spot 0.62 0.60 0.61

YOLOv8m  Leaf Blight 0.61 0.69 0.65 0.87
Fire Blight 0.75 0.78 0.76
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Fig. 5. Visual evaluation metrics of YOLOv5m, YOLOv7, and YOLOv8m for the training dataset: (a) Precision, (b)
Recall, (c) mAP, and (d) Loss of class

The lower evaluation metrics in the current
study can be attributed to the significant
disparity in the number of training images. We
utilized 400 images per class, whereas the tea
plant study employed too many images per
class. In a comparative study of the YOLOv4
and YOLOv7 models, a dataset of 54,305
images was utilized to identify 26 different
diseases across 14 plant species. The mAP-50
values achieved by these models were 68.2 for
YOLOv4 and 69.7 for YOLOvV7, indicating
suboptimal performance for a diagnostic

application (Xinming & Hong, 2023). A
comparison of research findings indicates that
in the development of YOLO models for
detecting multiple diseases, increasing the
number of classes adversely affects model
accuracy. Based on the results from YOLO
networks trained on COCO (Common Objects
in Context) data, which includes 80 classes
and over 330,000 images, the reported
precision was less than 85%. Given the
relatively low overall performance of the
YOLO model trained on COCO data, it is
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recommended to enhance its detection
capabilities by retaining the initial YOLO
structure with frozen parameters in the feature
extraction block. The neural network portion
can then be retrained using specialized images
to achieve improved performance. In similar
studies aimed at detecting various agricultural
crop diseases, the technique of transfer
learning has been employed. YOLO networks
have been employed for detecting the type and
location of diseases in various crops, including
cucumber (Lou et al., 2021), grape (Guo,
Feng, Li, Yang, & Yang, 2022), tomato
(Chowdhury et al., 2021), and tea (Soeb et al.,
2023). The differences between our results and
those of these studies can be attributed to
various factors, such as the type of features
used, the number of training images, and, most

notably, the ambient conditions. In most of
these studies, the leaf samples exhibited
distinct color differences from the background,
which facilitated easier identification and
segmentation. In the present study, the image
backgrounds were complex, and the leaves
often had colors similar to the background,
making it challenging for the models to
distinguish them effectively. The overall
results of these studies indicate the good
capability of all transfer learning methods or
the pre-trained networks in the classification of
new images. The results from several test
images are illustrated in Fig. 6. As shown in
this figure, all diseases were identified with
high confidence scores, highlighting the robust
capability of the YOLO network in detecting
the diseases studied in quince trees.

Fig. 6. The results of the developed YOLO model for identifying quince leaf diseases in the test dataset

Conclusion
Accurate and timely diagnosis of diseases

in trees and plants can significantly enhance
crop yield. The quince tree, extensively
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cultivated in certain regions of Iran, is a
significant export product that can play a
valuable role in the country's economy.
Consequently, maintaining the health of this
crop and effectively controlling its diseases is
of paramount importance to farmers. This
research focused on providing a rapid solution
for detecting major diseases in quince trees,
including leaf blight, fire blight, and leaf spot.
A key reason for selecting these specific
diseases is their nearly identical shapes and
characteristics. The close resemblance in
features among these diseases can present
challenges for accurate detection. Three well-
known state-of-the-art algorithms, including
YOLOv5m, YOLOv7, and YOLOvV8m, were
employed for the classification and
identification of these diseases. These models
not only offer high accuracy but also operate at
high speed, making them an ideal choice for
disease detection. Upon examining the
evaluation parameters, the evaluation metric of
F1-score for fire blight was higher than for leaf
blight and leaf spot. The variation in
evaluation metrics across the classes can be
attributed to differences in the underlying
characteristics of the diseases. Fire blight
exhibits distinct characteristics compared to
the other two diseases, resulting in enhanced
separability and higher detection accuracy.
This study demonstrates that YOLOv8m

References

achieves superior performance on our dataset
and paves the way for the development of a
comprehensive software solution for disease
detection in quince trees. However, accurate
diagnosis and effective treatment of plant
diseases require consideration of non-
pathogenic factors. Variables such as over-
fertilization, irregular watering, unfavorable
environmental  conditions  (e.g.,  light,
temperature, and humidity), and pest activity
can produce symptoms resembling those of
diseases. Thus, a comprehensive investigation
of all potential factors, including soil and plant
analyses, is essential for precise diagnosis and
selection of appropriate treatment methods.

Conflict of Interest: The authors declare
no competing interests.

Author Contributions

A. Naderi Beni: Methodology, Data
acquisition, Data pre and post processing,
Numerical/computer simulation.

H. Bagherpour: Supervision,
Conceptualization, Methodology, Statistical
analysis, Validation, Review and editing

services, Numerical/computer simulation.
J. Amiri Parian: Methodology, Technical
advice, Review and editing services.

1.

Castelao Tetila, E., Brandoli Machado, B., Belete, N. A. S., Guimaraes, D. A. & Pistori, H.
(2017). Identification of soybean foliar diseases using unmanned aerial vehicle images. IEEE
Geoscience and Remote Sensing Letters, 14, 2190-2194.
https://doi.org/10.1109/LGRS.2017.2743715

Chen, J., Liu, H., Zhang, Y., Zhang, D., Ouyang, H., & Chen, X. (2022). A multiscale
lightweight and efficient model based on YOLOV7: Applied to citrus orchard. Plants, 11(23),
3260. https://doi.org/10.3390/plants11233260

Chowdhury, M. E. H., Rahman, T., Khandakar, A., Ibtehaz, N., Khan, A. U., Khan, M. S., Al-
Emadi, N., Reaz, M. B. |, Islam, M. T., & Ali, S. H. M. (2021). Tomato leaf diseases detection
using deep learning technique. In F. Ahmad (Ed.), Technology in Agriculture (chapter).
IntechOpen. https://doi.org/10.5772/intechopen.97319

Ferentinos, K. P. (2018). Deep learning models for plant disease detection and diagnosis.
Computers and Electronics in Agriculture, 145, 311-318.
https://doi.org/10.1016/j.compag.2018.01.009

Francesco, S. J. (2023, July 22). What is YOLOv8? The ultimate guide. Roboflow Blog.
https://blog.roboflow.com/what-is-yolov8


https://doi.org/10.1109/LGRS.2017.2743715
https://doi.org/10.3390/plants11233260
https://doi.org/10.5772/intechopen.97319
https://doi.org/10.1016/j.compag.2018.01.009
https://blog.roboflow.com/what-is-yolov8/

Naderi Beni et al., Integrating YOLO model with Transfer Learning ... 35

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Fuentes, A, Yoon, S., Kim, S. C., & Park, D. S. (2017). A robust deep-learning-based detector
for real-time tomato plant diseases and pests recognition. Sensors, 17(9), 2022.
https://doi.org/10.3390/s17092022

Gallo, I., Rehman, A. U., Dehkordi, R. H., Landro, N., La Grassa, R., & Boschetti, M. (2023).
Deep object detection of crop weeds: Performance of YOLOvV7 on a real case dataset from
UAYV images. Remote Sensing, 15(2), 539. https://doi.org/10.3390/rs15020539

Guo, W., Feng, Q., Li, X,, Yang, S., & Yang, J. (2022). Grape leaf disease detection based on
attention mechanisms. International Journal of Agricultural and Biological Engineering, 15(5),
205-212. https://doi.org/10.25165/].ijabe.20221505.7548

Hu, G., Wei, K., Zhang, Y., Bao, W., & Liang, D. (2021). Estimation of tea leaf blight severity
in natural scene images. Precision Agriculture, 22, 1239-1262. https://doi.org/10.1007/s11119-
020-09782-8

Jiang, K., Xie, T., Yan, R., Wen, X,, Li, D., Jiang, H., ... & Wang, J. (2022). An attention
mechanism-improved YOLOV7 object detection algorithm for hemp duck count estimation.
Agriculture, 12(10), 1659. https://doi.org/10.3390/agriculture12101659

Kasper-Eulaers, M., Hahn, N., Berger, S., Sebulonsen, T., Myrland, @., & Kummervold, P. E.
(2021). Detecting heavy goods vehicles in rest areas in winter conditions using
YOLOv5m. Algorithms, 14(4), 114. https://doi.org/10.3390/a14040114

Kuznetsova, A., Maleva, T., & Soloviev, V. (2020). Detecting apples in orchards using
YOLOv3 and YOLOv5m in general and close-up images. In Advances in Neural Networks—
ISNN 2020: 17" International Symposium on Neural Networks, Cairo, Egypt, December 4-6,
Springer International Publishing, 17, 233-243. https://doi.org/10.1007/978-3-030-64221-1_20

Lou, Y., Hu, Z.,, Li, M., Li, H., Yang, X., Liu, X., & Liu, F. (2021). October. Real-time
detection of cucumber leaf diseases based on convolution neural network. In 2021 IEEE 5%
Information Technology, Networking, Electronic and Automation Control Conference
(ITNEC), 5, 1040-1046. https://doi.org/10.1109/ITNEC52019.2021.9587269

Lu, Y. Y1, S., Zeng, N., Liu, Y., & Zhang, Y. (2017). Identification of Rice diseases using deep
convolutional neural networks, Neuro computing, 267, 378-384.
https://doi.org/10.1016/j.neucom.2017.06.023

Oerke, E. C. (2006). Crop losses to pests. The Journal of Agricultural Science, 144(1), 31-43.
https://doi.org/10.1017/S0021859605005708

Paul, S., Batra, S., Mohiuddin, K., Miladi, M. N., Anand, D., & Nasr, O. A. (2022). A novel
ensemble weight-assisted YOLOv5m-based deep learning technique for the localization and
detection of malaria parasites. Electronics, 11(23), 3999.
https://doi.org/10.3390/electronics11233999

Ramesh, S., Hebbar, R., Niveditha, M., Pooja, R., Shashank, N., & Vinod, P. V. (2018). Plant
disease detection using machine learning. In 2018 International conference on design
innovations for 3Cs compute communicate control (ICDI3C) (pp. 41-45). IEEE.
https://doi.org/10.1109/1CDI13C.2018.00017

Rothe, P. R., & Kshirsagar, R. V. (2015). Cotton leaf disease identification using pattern
recognition techniques. In 2015 International conference on pervasive computing (ICPC) (pp.
1-6). IEEE. https://doi.org/10.1109/PERVASIVE.2015.7086983

Savary, S., Willocquet, L., Pethybridge, S. J., Esker, P., McRoberts, N., & Nelson, A. (2019).
The global burden of pathogens and pests on major food crops. Nature Ecology & Evolution,
3(3), 430-439. https://doi.org/10.1038/s41559-018-0793-y

Sladojevic, S., Arsenovic, M., Anderla, A., Culibrk, D., & Stefanovic, D. (2016). Deep neural
networks-based recognition of plant diseases by leaf image classification. Computational
Intelligence and Neuroscience, 2016(1), 3289801. https://doi.org/10.1155/2016/3289801

Soeb, M. J. A., Jubayer, M. F., Tarin, T. A., Al Mamun, M. R., Ruhad, F. M., Parven, A,, ... &


https://doi.org/10.3390/s17092022
https://doi.org/10.3390/rs15020539
https://doi.org/10.25165/j.ijabe.20221505.7548
https://doi.org/10.1007/s11119-020-09782-8
https://doi.org/10.1007/s11119-020-09782-8
https://doi.org/10.3390/agriculture12101659
https://doi.org/10.3390/a14040114
https://doi.org/10.1007/978-3-030-64221-1_20
https://doi.org/10.1109/ITNEC52019.2021.9587269
https://doi.org/10.1016/j.neucom.2017.06.023
https://doi.org/10.1017/S0021859605005708
https://doi.org/10.3390/electronics11233999
https://doi.org/10.1109/ICDI3C.2018.00017
https://doi.org/10.1109/PERVASIVE.2015.7086983
https://doi.org/10.1038/s41559-018-0793-y
https://doi.org/10.1155/2016/3289801

36

Journal of Agricultural Machinery Vol. 16, No. 1, Spring 2026

22.

23.

24,

25.

26.

27.

28.

29.

Meftaul, 1. M. (2023). Tea leaf disease detection and identification based on YOLOv7 (YOLO-
T). Scientific Reports, 13(1), 6078. https://doi.org/10.1038/s41598-023-33270-4

Tiwari, V., Joshi, R. C., & Dutta, M. K. (2021). Dense convolutional neural networks based
multiclass plant disease detection and classification using leaf images. Ecological Informatics,
63, 101289. https://doi.org/10.1016/j.ecoinf.2021.101289

Tran, D. N. N., Pham, L. H., Nguyen, H. H., & Jeon, J. W. (2022). City-scale multi-camera
vehicle tracking of vehicles based on YOLOvV7. In 2022 IEEE International Conference on
Consumer Electronics-Asia (ICCE-Asia) (pp. 1-4). IEEE. https://doi.org/10.1109/ICCE-
Asia57006.2022.9954809

Wang, C. Y., Bochkovskiy, A., & Liao, H. Y. M. (2023). YOLOV7: Trainable bag-of-freebies
sets new state-of-the-art for real-time object detectors. In Proceedings of the IEEE/CVF
conference  on computer vision and pattern recognition (pp. 7464-7475).
https://doi.org/10.48550/arXiv.2207.02696

Wang, Y., Wang, H., & Xin, Z. (2022). Efficient detection model of steel strip surface defects
based on YOLO-V7. leee Access, 10, 133936-133944.
https://doi.org/10.1109/ACCESS.2022.3230894

Xinming, W., & Hong, T. S. (2023). Comparative study on leaf disease identification using
YOLOv4 and YOLOv7 algorithm. AgBioForum, 25(1).
https://agbioforum.org/menuscript/index.php/agb/article/view/192

Xue, Z., Xu, R., Bai, D., & Lin, H. (2023). YOLO-tea: A tea disease detection model improved
by YOLOv5m. Forests, 14(2), 415. https://doi.org/10.3390/f14020415

Yang, G., Feng, W., Jin, J., Lei, Q., Li, X., Gui, G., & Wang, W. (2020). Face mask recognition
system with YOLOV5M based on image recognition. In 2020 IEEE 6" International
Conference on Computer and Communications (ICCC) (pp. 1398-1404). IEEE.
https://doi.org/10.1109/ICCC51575.2020.9345042

Zhou, Y., Tang, Y., Zou, X., Wu, M., Tang, W., Meng, F., ... & Kang, H. (2022). Adaptive
active positioning of camellia oleifera fruit picking points: Classical image processing and
YOLOv7 fusion algorithm. Applied Sciences, 12(24), 12959.
https://doi.org/10.3390/app122412959


https://doi.org/10.1038/s41598-023-33270-4
https://doi.org/10.1016/j.ecoinf.2021.101289
https://doi.org/10.1109/ICCE-Asia57006.2022.9954809
https://doi.org/10.1109/ICCE-Asia57006.2022.9954809
https://doi.org/10.48550/arXiv.2207.02696
https://doi.org/10.1109/ACCESS.2022.3230894
https://agbioforum.org/menuscript/index.php/agb/article/view/192
https://doi.org/10.3390/f14020415
https://doi.org/10.1109/ICCC51575.2020.9345042
https://doi.org/10.3390/app122412959

@ 6329LS S pmilo 4y i 5
https://jame.um.ac.ir

S i

YO-YV Lo 1800 le ) eyl 0 Al

Sl 2LOKe y jaseis 5l YOLO 4l 5 e Geos (6,500 Jubo 51 (550,

‘ch;é')bts/ﬁ

\ . . ) - \ . .
Ob p sl rr 5T 50 AL e O 29 (6500 el
VEY/S1Y el g
AR VA RYAL W SRV I

CRVCLS

Ban Ly adllae cpl il (6958 Jlmr 0lipgliS Gl QU3 )0 S glasslon Cape sl el BB 5 (355 diadgh plas Sy dng
sldl parseds Gl oS5 5 b iy Jio S ool by (1550 S o)l (plolid (sl (sgiae (hop 2 (e )0 S drngs
o) il (65)5ltS Uiios 35100 Lol oiste mlin 5y ol S cilises (slacgylons sslas sl 0 plol YOLO pb
o134 b Jas a3, Slae Lyl (sl JLaS! (650l 3,509, Sl il ol )3l 0nd (g ygla S o Siimgy g e pe slacglocy
2le oylel (slaymsls ool 1 (wyp 3y90 (sl o dmslie 5 o) 45 e3lizsl YOLOVBM 5 YOLOV7 .YOLOVSM Jals YOLO
YOLOV8mM 5, YOLOV7 ;YOLOVSM (sla Jis by S sby (lis gl .cé )8 plosl F1 5Lzl (Recall) ilss 5L (Precision) cés
A ol Sy claglen ololis ) a5 B oUlg YOLOVEM Juo a5 ol olis o505 ol .ol 0340 ZAY o ZAY VA (s pey
I8V g FL jLel (gl 188 ¢ Glg3 5L (sl <185 ey (gl +IAY Sljlcel L YOLOVEBM Jus a5 sl lis b Jide duslbo ¢yl 1 ogMe 35l
ol 03 022355541 YOLOVBM o ¢ stimg3y ool (IS gt pslesl o 2,05 00 s (sl o s 4y s (500 9,Skos o285 (:S0lo (4l
sl 03 seban 45 adllas (ol > dBldangs Jace plplis 298 (Byme (ol Jgamme cpl (lp panS )l plyied Slg e adlllas
o Wlgice 2la)lible s (pa 9-b pledl US> Sy slon paseis glaljBle s ) Wl sl oud (b 4 3 Sy s )lon
iy il ) oaladl glaplj coles )3 9 03,8 SaS i lon (3:5> et 3 ojpslis

Owble 6530 Sy 03] Bt o S slew (ST 1S W0y

ul):v‘ suL\.on iL.uaJ ‘_;l,c}! oKiily “_;)')5&5 oaSisly i G (RO bﬁ)f =)
(Email: h.bagherpour@basu.ac.ir : Jytue ot g —)

4. https://doi.org/10.22067/jam.2025.89407.1277


mailto:h.bagherpour@basu.ac.ir
https://doi.org/10.22067/jam.2025.89407.1277
https://orcid.org/0000-0002-6877-6281
https://orcid.org/0000-0002-6877-6281
https://orcid.org/0000-0002-5617-2835
https://jame.um.ac.ir/

