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Abstract
The detection of pests and diseases in rice fields plays a crucial role as it directly affects crop yield and quality. 
However, current inspection methods are often labor-intensive and not highly effective. Therefore, this paper 
proposes a method that uses drones to collect aerial image data, combined with the EfficientNet-B0 deep 
learning model, to classify common pests and diseases in rice crops. To improve classification accuracy, this 
paper also applies a combined loss function between Cross-Entropy and Dice Loss. Experimental results show 
that this method achieves high classification performance, demonstrating its feasibility and superior effectiveness 
compared to traditional methods.

Keywords: Disease classification; deep learning; EfficientNet model; data augmentation.

Tóm tắt
Việc phát hiện sâu bệnh trên đồng lúa có vai trò quan trọng vì nó ảnh hưởng trực tiếp đến năng suất và chất 
lượng mùa màng. Tuy nhiên, các phương pháp kiểm tra sâu bệnh hiện nay thường đòi hỏi nhiều công sức nhưng 
hiệu quả mang lại chưa cao. Vì vậy, bài báo này đề xuất phương pháp sử dụng máy bay không người lái để thu 
thập dữ liệu ảnh từ trên cao, kết hợp với mô hình học sâu EfficientNet-B0 nhằm phân loại các loại sâu bệnh phổ 
biến trên cây lúa. Để nâng cao độ chính xác trong phân loại, nghiên cứu còn áp dụng hàm tổn thất kết hợp giữa 
Cross-Entropy và Dice Loss. Kết quả thí nghiệm cho thấy phương pháp này đạt hiệu suất phân loại cao, chứng 
minh tính khả thi và hiệu quả vượt trội so với các phương pháp truyền thống.

Từ khóa: Phân loại sâu bệnh; học sâu; mô hình EfficientNet; tăng cường dữ liệu.

1. INTRODUCTION

The rice farming industry plays an important role in 
the national economy and society, not only providing 
essential food sources but also contributing to food 
security stability and creating jobs for millions of 
farmers. However, rice fields often face many types 
of pests and diseases, such as brown planthoppers, 
leafrollers, rice blast, and bacterial leaf blight. These 
pests and diseases can cause significant damage, 
reducing the yield and quality of rice, leading to 
substantial economic losses. 

Currently, techniques for inspecting and detecting 
pests and diseases in rice crops include manual 
inspection, the use of drones combined with satellite 
imagery, and the application of artificial intelligence (AI) 

in image analysis. The manual method, although it can 
accurately identify the type of pests and diseases, is 
time-consuming, labor-intensive, and difficult to apply to 
large fields. Visual inspection techniques using drones 
are becoming increasingly popular for monitoring 
pests in rice fields. This method allows for aerial 
photography with a wide field of view, quickly covering 
the entire rice-growing area. The data collected can 
be analyzed visually or combined with AI algorithms 
to identify pests and diseases. The advantage of this 
method is that it saves time and effort while providing 
detailed and accurate information about the condition 
of the entire field. However, its limitation lies in the high 
initial investment cost for drones and image analysis 
systems, along with the requirement for complex 
operational skills. Some common pests and diseases 
in rice fields that can be clearly observed using drone 
cameras include golden apple snails (GAS), brown 
planthoppers (BP) and leaf rollers (LR). These pests Reviewers: 1. Prof.Dr. Science. Tran Hoai Linh

                   2. Ass.Pro.PhD. Le Van Hung
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have distinctive colors and shapes that are relatively 
easy to identify in images. For instance, golden apple 
snail eggs have a characteristic red color, brown 
planthoppers are small with a dark brown color, and 
leaf rollers typically leave rolled damage marks on rice 
leaves. This makes image analysis more convenient 
and effective during field inspection.

From the above analysis, it can be seen that manual 
pest inspection in rice fields faces many challenges 
due to time consumption, labor requirements, and 
inefficiency. The use of drones has significantly 
improved the monitoring process but has yet to 
achieve optimal performance without the integration of 
automatic analysis tools. Therefore, the pest inspection 
and detection method using drones combined with 
a deep learning model, as proposed in this paper, 
aims to automate and enhance the accuracy of pest 
identification. This paper includes the following main 
sections: Related Works will explore current pest 
detection techniques in agriculture and point out 
their limitations. Methodology and Data will present 
the approach, from the data collection process using 
drones, preprocessing steps, to the deep learning model 
used for pest identification, along with a description 
of the dataset and the labeling of pest species such 
as golden apple snails, brown planthoppers, and 
leafrollers based on their color and shape. Experimental 
Results will provide experimental results, including the 
accuracy of the model in detecting pests, and compare 
its effectiveness with traditional methods. Finally, the 
Conclusion will summarize the key contributions, 
emphasizing the benefits of using drones combined 
with deep learning in pest management on rice fields 
and proposing future development directions.

2. RELATED WORKS

Pest inspection and detection in rice fields are 
extremely important because pests can cause 
significant damage to crop yields and quality, leading to 
substantial economic losses for farmers and affecting 
the food supply. Timely detection of pests such as 
brown planthoppers, leafrollers, or golden apple snails 
helps implement effective control measures, prevent 
their spread, and protect crops. Currently, various 
inspection methods are being applied, ranging from 
traditional methods like manual inspection directly in 
the fields to the application of technology, such as using 
drones for aerial photography combined with artificial 
intelligence (AI) for pest analysis and detection. Each 
method has its own advantages and disadvantages, 
which are analyzed as follows.

The method of visual observation has the advantage 
of being easy to implement, requiring no specialized 
equipment and being cost-effective. Farmers can 

apply it directly in the field to check the condition of 
their rice crops. However, this method also has many 
drawbacks, such as requiring extensive experience 
and knowledge of pests from the farmer or expert. 
Moreover, detecting early signs of diseases is often 
difficult and easily overlooked. Additionally, this method 
faces limitations in clearly distinguishing between 
some types of pests with similar symptoms, leading to 
challenges in accurate treatment.

The PCR (Polymerase Chain Reaction) technique in 
pest and disease analysis offers many outstanding 
advantages [1, 2]. The accuracy of this method is 
very high as it can detect disease-causing viruses or 
bacteria at the molecular level, allowing for the precise 
identification of the cause of the disease. Additionally, 
PCR enables the detection of diseases at a very early 
stage, before clear symptoms appear, helping to 
prevent the spread and minimize damage. However, 
this technique also has significant drawbacks, such 
as high costs and the need for specialized equipment 
and skilled personnel. Furthermore, PCR cannot be 
applied directly in the field but must be conducted in 
a laboratory, making it difficult for quick and timely 
inspection on a large scale.

The artificial nose technique is a sensor system 
designed to mimic the olfactory abilities of humans and 
animals, helping to detect and analyze volatile organic 
compounds (VOC) in the air. In detecting pests and 
diseases in rice fields, an artificial nose can identify 
specific volatile compounds released by rice plants 
when infected by pests or diseases [3-5]. Each type 
of pest leaves a unique “scent signature”, allowing this 
system to differentiate and detect diseases early. This 
method is groundbreaking, enabling farmers to monitor 
crop health more quickly and efficiently compared to 
traditional techniques. The advantages of the artificial 
nose technique include early disease detection, 
sensitivity to various volatile compounds, and its ability 
to be deployed on a large scale, especially when 
integrated with drones. However, drawbacks include 
the high investment cost for sensor devices and signal 
processing systems. Additionally, the system requires 
training with a large dataset of odors and must undergo 
regular maintenance and calibration to ensure accurate 
operation.

The use of image analysis technology and artificial 
intelligence (AI) in pest detection is bringing many 
positive changes to the agricultural sector. Some 
notable studies in this field include CNN models [6], 
Mask FRCNN networks [7] and EfficientNet [8, 9]. By 
capturing images of crops through drones or ground-
based cameras, image analysis systems can collect 
detailed data on the condition of the plants. AI then 
processes and analyzes these images, identifying 
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signs of pests, such as changes in leaf color, shape, 
or specific damage patterns. This technology enables 
quick and accurate pest detection, helping farmers take 
timely action to minimize crop damage. Additionally, AI 
has the ability to learn and improve its performance 
over time, making the system increasingly smarter 
and more efficient. However, to achieve high accuracy, 
a large amount of training data and investment in 
specialized equipment are required. 

With its distinct advantages, the EfficientNet model 
has recently been introduced in several agricultural 
research studies. In [10], authors proposed using 
EfficientNet-B0 for corn leaf disease classification, 
demonstrating superior performance compared to 
VGG16, ResNet, and DenseNet121 models with an 
impressive accuracy of 98.85%. Similarly, another 
study implemented EfficientNet-B2 for peach tree 
disease identification, achieving 96.6% accuracy 
after fine-tuning, outperforming both AlexNet and 
MobileNet [11]. Although U-Net is typically applied 
in image segmentation tasks, researchers in [12] 
successfully combined it with EfficientNet to enhance 
classification performance, reaching 99.91% accuracy. 
These studies collectively highlight the outstanding 
advantages of EfficientNet-B0: high performance with 
a compact architecture, and excellent resistance to 
overfitting through its MBConv mechanism and Swish 
activation function. Based on this analysis of related 
work, we conclude that EfficientNet-B0 is particularly 
well-suited for classifying pest and disease images in 
rice fields captured by drone-mounted cameras.

3. METHODOLOGIES AND DATA

To capture images for this study, we selected a 2MP 
resolution camera mounted beneath the drone at a 
30-degree tilt relative to the horizontal plane, operating 
at an altitude of approximately 2 meters above the 
ground. This setup, combined with good weather 
conditions (low wind and no rain) and an integrated 
gimbal stabilization system, ensured sharp image 
quality while minimizing the impact of propeller-
induced vibrations. Furthermore, we cropped the 
images at the center to 800×600 pixels, removing 
redundant information and lens distortion effects 
to reduce noise and improve overall image clarity. 
These preprocessing steps guaranteed that the input 
images consistently met the model’s requirements for 
classification accuracy.

Because of the limited flight time per battery charge, 
multiple flights across different fields are required to 
collect the images. The original dataset, illustrated in 
Figure 1, includes 265 images of golden apple snails, 
128 images of brown planthoppers, 185 images of 
leafrollers, and 320 images of healthy crops. Ten 
percent of these images were used as the testing set.

a) b)

c) d)
Figure 1. Illustration of sample images in the original 

dataset: (a) Healthy; (b) Golden Apple Snail; (c) Brown 
Planthopper; (d) Leaf Roller

a) b)

c) d)
Figure 2. Illustration of data augmentation technique: 

(a) Original image, (b) Vertical flip; (c) Contrast  
change, (d) Zoom in

Due to the limited number of original images, data 
augmentation techniques were applied to enrich 
our dataset, as illustrated in Figure 2. Note that, for 
convenience in training and testing, these images were 
randomly cropped into smaller images with a size of  
224×224  pixels. Some data augmentation techniques 
include geometric transformations such as zooming, 
scaling, flipping, and shifting, as well as pixel intensity 
modifications like adjusting brightness, contrast, 
blurring, sharpening, or adding noise. These methods 
enhance dataset diversity, improve the model’s 
generalization ability, and reduce the risk of overfitting. 
As a result, the model becomes more robust and 
achieves higher accuracy when applied to real-world 
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data. After augmentation, the final dataset consisting 
of about 1600000 images was obtained. Finally, the 
dataset was divided into two parts: a training set and 
a validation set in an 80:20 ratio, ensuring effective 
training and evaluation of the model.

Figure 3. The structure of EffectientNet-B0

The model used in this paper is based on 
EfficientNet-B0, as shown in Figure 4. Here, ×n 
indicates that the layer is repeated n times, and n×n 
refers to the size of the convolution kernel at that layer. 
MBConv stands for mobile bottleneck convolution. 
The input image size is 224×224×3, and the final 
classification result is output through the convolution 
layer, MBConv1 layer, MBConv6 layer, pooling layer, 
and fully connected layer. The detailed structure of 
the MBConv block is presented in Figure 4(b). In this 
structure, Conv represents the convolution layer, BN 
denotes the batch normalization layers, Swish is the 
activation function, DWConv indicates the depthwise 
separable convolution layer, and SE stands for the 
squeeze-and-excitation block. The input feature map 
size is H×W×C, and its size is expanded by n times 
through the 1×1 convolution layer. In the SE block 

structure, AvgPooling refers to average pooling, and 
FC is the fully connected layer. Through this module, 
the dependencies between different channels can be 
learned adaptively.	

To improve accuracy in the classification task, this 
paper employs an enhanced loss function, which is 
a combination of two loss functions: Cross-Entropy 
and Dice Loss, integrated into a single function. This 
function is calculated according to formula (1). The 
combination of these two loss functions is particularly 
beneficial in classification problems where there is a 
significant imbalance between class sizes or when 
smaller classes are easily overlooked.

 
Combined Cross Entropy DiceL L 1 La a= ´ + - ´_ ( ) (1)

In which the Cross-Entropy Loss and Dice Loss are 
calculated according to formulas (2) and (3).

 
C
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Here, α is the adjustment weight between Cross-
Entropy Loss and Dice Loss (typically ranging from 0 
to 1). pi is the predicted probability of the model for 
class i, yi is the actual label and C is the number of 
classes.

Compared to conventional loss functions, the combined 
loss function of Dice Loss and Cross-Entropy has 
several significant advantages for disease classification 
in rice fields. First, it improves classification accuracy 
for smaller classes, e.g., brown planthoppers or 
leafrollers, as Dice Loss optimizes for difficult classes, 
while Cross-Entropy helps the model learn better from 
larger classes (such as healthy rice plants), thereby 
enhancing generalization in imbalanced problems 
common in agricultural datasets. Second, Dice Loss 
focuses on the similarity between predictions and 
actual labels, enhancing the ability to learn detailed 
features, which is particularly useful when working with 
drone-captured field images. Finally, this loss function 
minimizes the information loss from less common 
classes, ensuring early detection of economically 
important diseases and preserving important 
information that Cross-Entropy might overlook in real-
world rice monitoring scenarios.

To train the model, we use PyTorch due to its flexibility, 
ease of use, and strong GPU support. The torchvision 
library provides a pre-trained EfficientNet-B0 model, 
making fine-tuning on a new dataset straightforward. 
Moreover, this library also provides other pre-trained 
models to support research and applications in 
computer vision.
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During model training, the training parameters such 
as Learning rate = 0.001, Batch size = 32, Dropout 
= 30%, and Optimizer Adam provide numerous 
advantages. A small learning rate helps update weights 
stably, avoiding overshooting the global minimum 
and supporting Adam to optimize more effectively. A 
batch size of 32 balances the speed of updates and 
computational resources, allowing the model to be 
easily processed on GPUs and enhancing learning from 
noisy data. A dropout rate of 30% reduces overfitting, 
ensuring the model does not rely on specific neurons, 
thereby improving generalization capability. Finally, 
Adam, with its ability to adjust the learning rate flexibly 
and combine the advantages of Momentum and 
RMSProp, optimizes the training process quickly and 
stably. Thanks to these choices, the EfficientNet-B0 
model can converge quickly, stably, and achieve high 
performance in classification tasks.

After training completion, the model is deployed for 
classifying common diseases in rice fields through the 
following workflow: (1) The drone’s flight altitude and 
camera positioning are configured identically to the 
original data collection setup. (2) The drone captures 
images of the rice fields requiring inspection. (3) The 
drone-captured images undergo center cropping to 
small images with a resolution of 800×600 pixels. (4) 
Finally, these images are fed into our office-based 
computer system running the trained model for 
automated disease classification.

4. EXPERIMENTAL RESULTS

In evaluating the performance of the disease 
classification model for rice plants, the metrics 
Precision (Pre), Recall (Re), and Accuracy (Acc) 
should all be utilized, as each metric provides 
different important information. Accuracy measures 
the ratio of correct predictions to the total number of 
samples, offering a general overview of the model’s 
performance. However, in cases where there is an 
imbalance between the number of diseased plants 
and healthy plants, Accuracy may not be sufficient for 
accurately evaluating the model. Therefore, Precision 
and Recall need to be supplemented. Precision helps 
assess the ratio of correct disease predictions to 
the total predictions of disease, thereby minimizing 
incorrect treatment actions. Meanwhile, Recall 
measures the ability to detect all actual diseased 
plants, ensuring that no plants requiring intervention 
are overlooked. Combining all three metrics provides 
a more comprehensive evaluation of the model’s 
performance while ensuring that the model accurately 
detects diseased plants without generating too many 
false alarms. In this paper, these metrics are defined 
according to formulas (4)-(6). 

 TPPre
TP FP

=
+

(4)

 =
+
TPRe

TP FN
(5)

 +
=

+ + +
TP TNAcc

TP FP TN FN (6)

Where: 
True Positive (TP) refers to the correctly detected 
diseased images; 
False Positive (FP) refers to incorrectly detected 
images; 
True Negative (TN) refers to non-diseased images 
detected correctly; 
And False Negative (FN) refers to diseased images 
that were not detected.

Table 1. Evaluation of the accuracy of the proposed 
method

Disease 
type TP FP TN FN Pre Re Acc

GAS 26 0 62 0 1.00 1.00 1.00

BP 11 3 73 1 0.79 0.92 0.95

LR 16 2 68 2 0.89 0.89 0.95

Healthy 30 2 54 2 0.94 0.94 0.95

Average 0.90 0.94 0.97

Table 1 shows the performance of the proposed model 
trained using our dataset. It can be observed that, for 
golden apple snail images, the eggs are large and have 
a prominent color against the background, resulting in 
the model achieving a classification accuracy of 100%. 
In contrast, images of other types of pests are smaller 
in size, and their colors are quite similar to the color of 
rice leaves, leading to a lower accuracy for the model.

5. CONCLUSION

This paper proposes an early and accurate method 
for classifying diseases in rice fields by combining 
the use of drones with the EfficientNet-B0 deep 
learning model. With its simple yet effective structure, 
EfficientNet-B0 optimizes computational resources 
while improving classification accuracy through data 
augmentation techniques. The application of drones 
for collecting aerial images allows for comprehensive 
coverage of the entire field, significantly reducing time 
and effort compared to traditional inspection methods. 
Experimental results show that the proposed model 
achieves high accuracy with Precision, Recall, and 
Accuracy scores of 0.90, 0.94, and 0.97, respectively, 
for three common types of diseases. This affirms the 
feasibility and superiority of the method compared 
to previous approaches, opening up new avenues 
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for effective and sustainable disease monitoring and 
management in rice cultivation. 
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