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Abstract

Early detection of pests and diseases on rice plants is extremely essential to ensure growth, development and
increase productivity, thereby promoting the development of rice production. A number of existing studies have
used artificial intelligence for this purpose, famously including methods applying the YOLO model family and
achieved significant results. In this study, we focus on YOLOv8 and YOLOvV10. The study shows the effectiveness
of the latest generation of YOLO, demonstrated in many aspects, especially the post-processing speed of each
image improved by 8 times. Moreover, the accuracy of the new model also increased to 92.4% when tested on
the database we collected and selected. A total of 3.558 images were used with 2.843 images for training set, 356
images for validation set and 359 images for testing set, covering common rice diseases such as blast, brown
spot and leaf folder. Experimental results demonstrate that this approach has potential for practical application.

Keywords: Rice leaf diseases; deep Learning;, YOLOvS8; YOLOv10.

Tém tat

Viéc phat hién sém céc loai sau bénh trén cay lua la v cung can thiét d& ddm bao sw sinh trwdng, phat trién va
nang cao nang suét, tr d6 thuc day nén san xuat lta gao phat trién. Da cé nhiéu nghién ctru st dung tri tué nhan
tao cho muc dich nay, ndi tiéng trong d6 cé nhitng phwong phap trng dung ho mé hinh YOLO va da dat duoc
nhirng két qué dang ké. Trong nghién clru nay, chung t6i tap trung vao hai dong YOLOVS va YOLOv10. Nghién
clru cho thay sy hiéu qua cla thé hé YOLOV10, thé hién & nhiéu khia canh, dac biét tbc do hau x& ly méi hinh
&nh cai thién dén 8 1an. Hon thé, dd chinh xac cia mé hinh méi cling tang 1én dén 92,4% khi th&r nghiém trén bo
co s& di¥ liéu dwoc ching tdi thu thap va chon loc. Téng cong 3.558 anh da dwoc st dung véi 2.843 anh cho tap
huén luyén, 356 anh xac thuc va 359 anh cla tap kiém tra, bao gébm cac bénh phé bién trén cay lua la dao 6n,
dém nau va cubn la. Két qua thi nghiém chi ra rdng hwéng tiép can nay cé trién vong rng dung trong thuc té.

Twr khéa: Bénh trén cay lua; hoc sdu; YOLOvS; YOLOv10.

1. INTRODUCTION

Rice is not only a staple food but it also forms the
foundation of global food security, especially in Asia
where it is the main source of nutrition for billions of
people. The world’s population is expected to continue
growing, which will result in a significant increase in rice
demand, making its cultivation critical for sustaining
food supplies. However, rice crops are confronted with

Reviewers: 1. Prof.Dr. Le Van Hung
2. Dr. Do Van Dinh

numerous challenges, with diseases being one of the
most significant threats to production [1], [2].

Diseases like Leaf Blast, Leaf Folder, and Brown Spot
can severely impact rice yields, leading to substantial
economic losses and threatening the livelihoods of
millions of farmers. The urgency of early and accurate
disease detection in rice crops cannot be overstated,
as these diseases can spread rapidly under favorable
conditions, resulting in widespread damage that is
often difficult to control once it has reached advanced
stages [3].

Given the critical importance of rice to global food
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security and the potential for these diseases to cause
catastrophic losses, the development of effective
detection and management strategies is of utmost
importance. Traditional methods of disease detection
in rice fields, such as visual inspection, are labor-
intensive, time-consuming, and often inaccurate,
especially when multiple diseases are present. This
is where advanced technologies, particularly deep
learning models, can play a transformative role.

Deep learning techniques, and specifically the
YOLO (You Only Look Once) family of models, have
revolutionized the field of computer vision, offering
real-time, accurate detection of objects in images.
Some scientific research using versions of this family
have given the results. For example, YOLOV3 is
used in tomato leaves [4]. YOLOv5 is used for rice
leaf [5]. YOLOVS, for instance, has been successfully
applied in agricultural settings, including the
detection of plant diseases [6]. With the introduction
of YOLOv10, expectations are high that it will offer
further improvements in accuracy, speed, and overall
performance.

This paper seeks to compare the performance of
YOLOv8 and YOLOV10 in detecting and classifying
rice diseases, focusing on the aforementioned Leaf
Blast, Leaf Folder and Brown Spot. By evaluating
these models on a comprehensive dataset of rice leaf
images, we aim to determine which version is better
suited for this critical task, thereby contributing to the
development of more effective tools for safeguarding
rice production against the ever-present threat of
disease.

1.1. Leaf blast

Leaf Blast is particularly dangerous because of its
ability to attack all parts of the rice plant, from the roots
to the panicles. This fungal disease thrives in warm,
humid environments-conditions often found in rice-
growing regions and can cause up to 50% yield loss in
severe cases [7]. The lesions it forms on leaves weaken
the plant, reducing photosynthesis and leading to the
premature death of the affected parts.

Figure 1. Leaf blast

1.2. Leaf folder

Leaf Folder infestations, though caused by a pest
rather than a disease, are equally concerning. The
larvae of this pest fold the leaves and feed inside,
shielding themselves from natural predators and
chemical treatments. The damage they cause reduces
the photosynthetic area of the plant, leading to stunted
growth and lower yields [8].

Figure 2. Leaf folder

1.3. Brown spot

Brown Spot has historically been a major problem in
rice cultivation, especially in areas with poor soil fertility
or adverse weather conditions. This fungal disease,
which causes brown lesions on the leaves, can reduce
yields by up to 90% if not properly managed [9]. Brown
Spot is often associated with nutritional deficiencies,
making it a particular threat in regions where soil health
is already compromised.

Figure 3. Brown spot

2. PROPOSED METHOD
2.1. Overview

Inthis article, we focus on researching two deep learning
object detection models YOLOv8 and YOLOv10, using
the latest versions of the two models to detect three
types of diseases of rice leaf: Blast, brown spot and leaf
folder. After that, we will compare the research results
of the two models and draw important conclusions.

6 Tap chi Nghién ctru khoa hoc, Truong Dai hoc Sao Do, S6 4 (87) 2024
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2.2. Data preparation
2.2.1. Data collection

The dataset includes images of rice leaves in an
infected state, collected directly in rice fields owned by
Vietnam National University of Agriculture, from April to
May 2024. Dataset includes images of three common
diseases in Vietham: Blast, brown spot, and leaf folder.
Images were taken in ideal weather conditions: No
rain, temperature 28°C+30°C, warm sunshine, 70%
humidity, wind speed below 10km/h, good lighting,
suitable for data collection.

2.2.2. Data processing

The dataset includes 3558 images, divided into three
parts: Training set includes 2843 images, validation
set includes 356 images, test set includes 359 images.
The number of samples used for each disease are
1782 for the blast, 1148 for the brown spot and 1225
for the leaf folder. Note that the images in the test set
do not overlap with those from the training set and
the validation set. The pictures are labeled on the
Makesense.ai website, the results are saved as text
files, compatible with the YOLO format.

Data augmentation methods are important in the
training process. Different methods include flipping
images horizontally and vertically, rotating images,
translating images, etc. These are applied directly
to the training process of each epoch, from which
the model can learn more complex data and adapt
to different conditions, leading to better performance
without the need to create additional images. The table
below shows the augmentation hyperparameters used
in our model.

Table 1. Hyperparameters

No. Name Function
1 Lr0 0.01
2 Lrf 0.01
3 Hsv_h 0.015
4 Hsv_s 0.7
5 Hsv_v 0.4
6 Box 7.5
7 Cls 0.5
8 Dfl 1.5
9 Translate 0.1
10 Mosaic 1.0
11 Scale 0.5
12 Flipud 0.0
13 Fliplr 0.5

2.2.3. Training platform

A powerful computer system is indispensable to train

a deep learning model. A model in deep learning can
be trained using a CPU (Central Processing Unit),
however, the time to complete the training process is
unmeasurable, so this task must be performed by a
system with a powerful GPU (Graphics Processor Unit)
combined with huge memory space (RAM). Google
Colab remains a great option to solve the above
problem and is often used on computers with weak
configurations, however, its hardware and time usage
for users is limited.

In the project, we used an Acer laptop computer with
the following specification:

Table 2. System specs

CPU Intel® Core™ i7-12700H
(up to 4.7 Ghz, 24MB cache)
GPU NVIDIA GeForce RTX 3060 6GB GDDR6
RAM 16 GB DDR5 4800Mhz
Drive SSD 512 GB
2.3.YOLOvS

2.3.1. Overview

YOLOvV8, developed by Ultralytics, a powerful object
detection model with many notable improvements over
its predecessors. Some famous versions of YOLO are:
YOLOv1 [10], YOLOV3 [11], YOLOvV5 [12],... These
models are already famous in the field of Computer
Vision (CV) because they are both capable of providing
relatively accurate predictions with trained layers and
can learn new layers easily. YOLO models also have
fast training speed, high accuracy and small model
size, so they are more accessible to developers.
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Figure 4. YOLOv8 model
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In YOLOvV8, we have different model sizes such as
YOLOVS8- n — nano, s — small, m — medium, | — large
and x — extra large. The amount of feature extractions
and convolution kernels make the difference among
the versions.

YOLOVS8 has architectural similarities with YOLOv5 due
to the same developer, however, unique improvements
make YOLOv8 superior and used in different
applications. These include anchor-free detection,
mosaic augmentation, a C2f module, a decoupled Head
and a modified loss function. The general architecture
of YOLOVS8 is demonstrated below:

2.3.2. Backbone

In the Backbone, the C3 module in YOLOVS is replaced
in YOLOVS8 by C2f, one of the two main blocks besides
the Conv block. The C2f block is an aggregation of
the C3 module from YOLOv5 and the ELAN model
[13]. The C2f block consists of a Split block, several
DarknetBottleneck blocks, a Concatenate layer and a
ConvModule block. The place of the C2f block along
with the scale of the model decides the number of
DarknetBottleneck blocks. In C2f blocks, the number
of bottleneck layers is for the first and the last one, for
those in the middle. In addition, the feature maps of
the second and third blocks are concatenated directly
with the Head. The Conv block is fused from a Conv2d
layer, a BatchNorm2d module, and a Sigmoid Linear
Unit function.

»/ )
»  ConvModule |

Figure 5. C2f
2.3.3. Neck

The main task of the Neck is to perform feature
fusion, combining the features from the Backbone
and forwarding them to the Head. YOLOv8 uses SPPF
(Spatial Pyramid Pooling - Fast), an update to SPP,
which allows efficient capturing and effective information
encoding of an object in an image, regardless of its size
and spatial location. The kernel size of the Max Pooling
layer distinguishes SPPF from SPP. SPPF uses the

same kernel size for each layer whereas SPP employs
various kernel sizes to create feature maps of different
sizes. Next, the max pooling layers in SPPF are placed
in series, not in parallel like the predecessor. All of this
makes SPPF significantly faster.

v

‘_ ConvModule |

1
Y

[ Maxp:mﬂd |

| Maxpooizd |
[ Ma:q::noﬂd ]
e

v

‘ ConvModule |

v

Figure 6. SPPF

_

2.3.4. Head

The Head includes several components such as
ConvModule blocks, C2f blocks, Upsample functions
and Concat blocks. Anew feature of YOLOv8 compared
to other versions is the Anchor-free detection, replacing
the Anchor-based one. Next is the use of a decoupled
Head. In previous models, object localization and
classification tasks were handled on the same branch
of the Head. This process often raises some task
conflicts as the two tasks crave different features.
The authors of YOLOvV8 separated the two tasks and
applied additional adjustments to get the best results.

2.3.5. Non - maximum suppression

(R

e . 4

Figure 7. Non - mé;( suppression

YOLOV8 uses non-maximum suppression (NMS). This
is a technique used in object detection and computer
vision to filter out duplicate or overlapping bounding
box predictions. This technique is often applied after
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object detection algorithms generate multiple predicted
bounding boxes for the same object [14].

The goal of non-max suppression is to eliminate
duplicate detections and retain only the most accurate
and representative bounding box for each object in
an image. This technique reduces false positives and
improves object detection accuracy.

2.4. YOLOvV10
2.4.1. Overview

YOLOvV10 is the latest version of the YOLO family,
known for real-time end-to-end object detection.

The most notable development of YOLOv10 is
related to the NMS technique. The drawback of this
technique is the computational cost and inference time,
especially when the number of boundings increases
in the post-processing step, leading to inefficiencies
in the architecture. This version of YOLO introduces
consistent dual tasks for training without NMS and a
comprehensive efficiency-based model design strategy.

2.4.2. Changes of YOLOv10 compared to YOLOv8

The architecture of YOLOv10 has a change in the
Head, which is divided into One-to-many Head that
creates many predictions for each object during training
and One-to-one Head that creates the best prediction
for each object during inference. As mentioned above,
the biggest improvement of YOLOvV10 is to eliminate
the NMS post-processing step. The author proposes
to use the Dual labels assignment and the Consistency
matching metric [15].

Dual Label Assignments Consistent Match. Metric

One-to-many Tead .@‘g_l

=h -

Classification i mm y

Backbonel—> PAN > m=s " |ou{s,b}'*i

One-to-one Head N [ |

> €ssI0n 3 EEﬁ :

Y, ——
TIHP“' Classification B In

Figure 8. YOLOv10 news

Dual labels assignment takes advantage of the
advantages of the two methods One-to-many label
assignment and One-to-one label assignment, helping
the model learn better, converge faster, simplify and
speed up model deployment. In the training process, it
will use 2 heads to take advantage of the strengths of
the 2 methods, but when inferring, only 1 head, one-
to-one, will be used to predict, avoiding the need to
process NMS. Consistent math metrics is a metric to
evaluate predictions and actual labels.

In addition, YOLOV10 also applies strategies such as
Spatial-channel decoupled downsampling to minimize

information loss and computational cost, Rank-guided
block design to ensure optimal parameter utilization,...

The efficiency, accuracy, and light weight of YOLOv10
make it suitable for a wide range of applications and
can replace previous YOLO models in most real-time
detection applications. For this study, the model shows
its effectiveness in agricultural applications, specifically
in identifying diseases on crops.

3. RESULT AND DISCUSSION

A number of different metrics can be used to evaluate
the effectiveness of a model. In this paper, we focus
on collecting and comparing the results of YOLOv8
and YOLOv10 through the following metrics: mAP50,
Parameters, GFLOPS and the duration of postprocess
per image. Mean Average Precision (mAP) is used to
measure the performance of computer vision models.
mAP is equal to the average of the Average Precision
metric across all classes in a model. mAP50 measures
the mean average precision at an intersection over
union (loU) threshold of 0.5.

N
1
mAP = EkZl P()R(K) 1)

C and N means is the number of classes and the
number of IOU thresholds, k is the IOU threshold, P(k)
is the precision, and R(k) is the recall.

With available technical and computational conditions,
we selected two small-sized models, YOLOv8s and
YOLOv10s, for this research. The input size of the
images were all resized to 640 pixels x 640 pixels and
the Adam optimizer was selected. Finally, we trained
the model with a range of 300 epochs, the batch size
was set to 16.

The results of both experiments on YOLOv8 and
YOLOvV10 can be seen in Table 2.

Table 2. Result of the method

YOLOv8 | YOLOv10
Blast 91.8 92.4
Brown spot 92.8 90.2
mAP50

Folder 90.0 921

All 91.5 91.6
Parameters (M) 11,12 8,03
GFLOPS 28.4 24.5
Postprocess/image 1.6 ms 0.2 ms

As can be seen in the table, the results of two models
are quite impressive with more than 91% accuracy.
Compared with the algorithms of YOLOv5 and YOLOV8
in the previous applications, the expected numbers
have been significantly increased. For example, the
accuracy on blast has reached 91.8% and 92.4%
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respectively, much better than the one giving 81.6%
used in [5]. In another case, with the same generation
of YOLOvS8, our method shows better performance
as compared to those of [6], for each type of disease
and for all three diseases. The above results truly
demonstrate the improvement when using state-of-
the-art models combined with a carefully collected,
fine-tuned dataset.

iR SR IP0 1 |dom_nau 998 r

In addition, focusing on YOLOv8 and YOLOv10 alone,
we see that the newer version achieves similar results,
even slightly better than its predecessor, while using
28% fewer parameters, faster computation with a
lower number of flops. More specifically, the post-
processing time per image is 8 times faster, providing
great support during the model training process.

4. CONCLUSION

Ourpaperintroduces anew approachto detectdiseases
on rice plants, using the latest YOLOv10 and, at the
same time, upgrading YOLOV8'’s results using a new
quality data set. Overall, the accuracy is up to 91.6%,
which is a greater achievement as compared to 78.5%
in [5] and 89.9% in [6]. YOLOvV10 itself represents a
robust architecture, demonstrated by its superior
computational speed compared to older models. Next,
the existing software will be combined with powerful
hardware, creating economical, fast and effective
solutions for farmers in crop management. All suggest
an infinite potential for technological development.
In the future, if we continue to enhance the model
and adjust the data, we will produce more complete
products, contributing more to smart agriculture in
particular and artificial intelligence in general.
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