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ABSTRACT: This study proposes a lightweight rice disease detection model optimized for edge computing environ-
ments. The goal is to enhance the You Only Look Once (YOLO) v5 architecture to achieve a balance between real-time
diagnostic performance and computational efficiency. To this end, a total of 3234 high-resolution images (2400 x
1080) were collected from three major rice diseases Rice Blast, Bacterial Blight, and Brown Spot—frequently found in
actual rice cultivation fields. These images served as the training dataset. The proposed YOLOv5-V2 model removes
the Focus layer from the original YOLOvV5s and integrates ShuffleNet V2 into the backbone, thereby resulting in both
model compression and improved inference speed. Additionally, YOLOV5-P, based on PP-PicoDet, was configured
as a comparative model to quantitatively evaluate performance. Experimental results demonstrated that YOLOv5-V2
achieved excellent detection performance, with an mAP 0.5 of 89.6%, mAP 0.5-0.95 of 66.7%, precision of 91.3%, and
recall of 85.6%, while maintaining a lightweight model size of 6.45 MB. In contrast, YOLOV5-P exhibited a smaller
model size of 4.03 MB, but showed lower performance with an mAP 0.5 of 70.3%, mAP 0.5-0.95 of 35.2%, precision
of 62.3%, and recall of 74.1%. This study lays a technical foundation for the implementation of smart agriculture and
real-time disease diagnosis systems by proposing a model that satisfies both accuracy and lightweight requirements.
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1 Introduction

Although rice cultivation has greatly improved productivity due to the development of automation
technology, diseases and pests such as Rice Blast, Bacterial Blight, and Brown Spot are still major causes of
crop loss. In particular, Riceblast can reduce the yield of a single crop season by up to 50% if severe [1]. To
combat this, pesticides are frequently used, but this causes various side effects such as soil and water pollution,
human health hazards, and food safety issues [2]. Therefore, automated intelligent detection technology can
diagnose diseases and pests more accurately and in a more timely manner [3].

In the past, visual assessment by experts based on symptom recognition was the primary method, but
this involved subjectivity and had limitations in real-time, large-scale applications. To solve this problem,
machine learning-based automatic diagnosis technology was introduced, and decision trees, random forests,
and support vector machines (SVMs) were used for disease classification based on feature extraction. Despite
their initial promise, these methods were limited due to manual feature dependency, low generalization
performance, and difficulty in real-time applications.

While deep learning-based object detectors like Faster Region-based Convolutional Neural Network (R-
CNN) offer high accuracy, their computational complexity renders them unsuitable for resource-limited edge
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devices. Although lightweight networks (e.g., YOLOvV5s, MobileNet) have been proposed, they often suffer
from significant accuracy degradation during model compression, particularly when dealing with complex
field backgrounds and small disease targets. Consequently, a major challenge remains: developing a detection
model that simultaneously achieves high accuracy, low computational cost, and a small model size to meet
the demands of practical edge computing environments.

To address these challenges, this study proposes a lightweight improved model based on YOLOVS5,
named YOLOV5-V2, for real-time edge detection of rice diseases. The main contributions of this paper are
as follows:

1. We propose a novel lightweight architecture: We integrate the core modules of ShuffleNet V2 into the
backbone of YOLOV5 and remove the inefficient Focus layer, significantly reducing model complexity and
size while maximally preserving feature extraction capability.

2. We conduct a comprehensive experimental evaluation: We construct a rice disease dataset comprising
3234 images and perform extensive comparisons not only with the baseline model but also with state-of-the-
art lightweight models like YOLOv8n and PP-PicoDet, demonstrating the superior balance of our model in
terms of accuracy and efliciency.

3. We provide in-depth analysis of model practicality: We offer detailed complexity analysis (e.g.,
GFLOPs, parameters) and discuss the potential for deploying the model on real edge devices, providing a
solid technical foundation for developing agricultural edge artificial intelligence (AI) solutions.

2 Related Works

Deep learning-based detection technology has gained significant attention, and CNN architectures can
automatically extract disease features from images, providing high accuracy [4]. Two-stage detection models
such as Fast R-CNN, Faster R-CNN [5], and Mask R-CNN [6] demonstrated high accuracy; however, they
are unsuitable for real-time applications due to the large amount of computation. In addition, disease areas
are often small and irregular, so necessitating a detection structure optimized for small object detection. To
this end, multi-resolution feature fusion technologies such as FPN, PANet, and BiFPN have been developed,
and ResNet, MobileNet, and ShuffleNet V2 have been designed to secure detection performance in mobile
environments through lightweight network design [7-9].

In particular, the real-time detection model of the YOLO (You Only Look Once) series shows an
excellent balance in terms of speed and accuracy, and is widely used in the agricultural field [10]. From
YOLOv1 to YOLOVS5, improvements such as anchor boxes, residual blocks, and cross-stage structures
have been added to expand practicality, but structural optimization to simultaneously satisfy real-time
performance, lightweight property, and accuracy remains an essential task [11-15].

In this study, we propose two lightweight pest detection models based on the YOLOV5 structure.
First, YOLOV5-V2 removes the Focus layer and applies the ShuffleNet V2 [16,17] backbone to achieve
a balance between inference speed and accuracy. Second, YOLOV5-P aims to secure real-time detection
performance while minimizing the model size by utilizing the high-efficiency module of PP-PicoDet [18]. In
the experiment, a total of 3234 real disease image datasets, including rice blast, white leaf blight, and striped
leaf blight, were used to quantitatively evaluate the detection accuracy, weight reduction effect, and real-time
performance of the model.

We propose the YOLOvV5-V2 model, which integrates the ShuffleNet V2 lightweight network into the
YOLOVS5s structure to simultaneously improve computational efficiency and real-time performance. This
model was designed to reflect the removal of focus layers, application of a lightweight backbone structure,
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and efficient feature merging strategy to reduce computational amount and improve speed while maintaining
the structural advantages of YOLOV5s.

In addition, for performance comparison and objective evaluation, we implemented the YOLOvV5-P
model that grafted the lightweight strategy based on PP-PicoDet, and quantitatively analyzed the structural
and performance differences between the two models.

Both proposed models adopt the latest lightweight neural network structure, aiming to effectively
reduce computational complexity and the number of parameters while maintaining detection accuracy. In
particular, ShuftfleNet V2 and PP-PicoDet-based modules provide computational optimization and multi-
scale feature integration efficiency, respectively, and are designed to exhibit stable performance even on
resource-constrained mobile environments or edge devices.

To clearly illustrate our proposed improvements, Fig. 1 shows the structure of the original YOLOv5s
model, while Fig. 2 shows the structure of our proposed YOLOvV5-V2 model.
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Figure 1: Structure of YOLOvV5s model
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Figure 2: Structure of YOLOvV5-V2 model

2.1 Design of YOLOv5-V2 Model

The YOLOV5-V2 model is an enhanced object detection model that integrates the ShuffleNet V2
lightweight network into the backbone, based on the existing YOLOV5s structure. This model is designed
to achieve a balance between computational efficiency and lightweight property, while maintaining the
structural advantages and detection performance of YOLOV5s, and with a focus on real-time applicability
in mobile and edge environments. The overall structure, as shown in Fig. 2, comprises the Backbone, Neck,
Head, and Detection modules.

The original backbone structure of YOLOV5s includes a Focus layer, which extracts features from
the input image by slicing 2 x 2 adjacent pixels, expanding the number of channels fourfold, and then
connecting them. While this structure improves computational efficiency and feature expressiveness in
GPU environments, it can cause problems such as increased cache usage and reduced processing speed
in CPU-based mobile devices. To address these limitations, YOLOv5-V2 completely removes the Focus
layer and replaces it with a simple convolutional operation, thereby reducing the computational burden of
input processing and simplifying the overall architecture. Another key component of YOLOV5 is the C3
layer, a simplified version of the Cross-Stage Partial (CSP) structure that balances computational efficiency
and performance.

However, frequent use of this layer can result in cache bottlenecks due to depthwise separable convolu-
tions. To overcome this issue, YOLOV5-V2 reduces the frequency of C3 usage and instead incorporates the
Inverted Residual + Shuffle Block module from ShuftleNet V2 into the backbone into the backbone.

The core idea of ShuftfleNetV2 is to significantly reduce computational cost (FLOPs) and latency while
maintaining accuracy through channel split and channel shuffle.
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2.2 Structure of YOLOv5-V2 Model

The structure of YOLOV5-V2 consists of input processing, backbone, Spatial Pyramid Pooling Fast
(SPPF) module, Neck, and Head. Each step that constitutes it is systematically summarized through the
pseudocode in Algorhithm 1.

Algorithm 1: Pseudocode of YOLOV5-V2 model structure
RHXWXC

Input: I € //Input image

1. Initial preprocessing (Downsampling)

F, < MagxPool(Convsxs (1)) //Feature P2/4
2. Backbone—Structure of ShuffleNetV2

F3, < ShuffleBlock(F,; C =116,s = 2)

F; < Repeat(Fs,, ShuffleBlock; n = 3) //P3/8
F4, < ShuffleBlock (F;; C =232,s=2)

F4 < Repeat(Fy,, ShuffleBlock; n = 7) //P4/16
Fs, < ShuffleBlock (Fy; C = 464,s =2)

Fs < Repeat(Fs,, ShuffleBlock; n = 3) //P5/32
3. Applying SPPF module

FSPPF  SPPF (Fs; k = 5)

4. Neck—PANet-based top-down coupling structure
U, < Upsample (FgPPF)

C4 < Concat (Ug, Fy)

P, < C3(C4,C=512)

Uj; < Upsample (Py)

C; < Concat (U;, F3)

P; < C3(C;s,C = 256)

D, < Convsy; (P3,8=2)

C,, < Concat (Dy, P,)

P, « C3(C},C=512)

D5 <« Convsys (P;, s = 2)

C; <« Concat (D5, FEPPF)

P, « C3(C;, C = 1024)

5. Detect Head—Multi resolution prediction

Y < Detect(Ps, P;, PIS) //Bounding box, class, confidence
Output = Y {(x,y,w,h,c)}

The YOLOV5-V2 model follows a structure consisting of input processing, backbone, SPPF module,
Neck, and Detect Head. The computational flow of each stage can be expressed in pseudocode, and the
functional features of the structure can be interpreted as follows based on this.

First, the model receives the RGB input image I € R"*W*C and performs 3 x 3 convolution (conv) and
max pooling operations in the initial processing stage. Through this process, the first downsampling feature
map F, is generated, which reduces the computational load in the subsequent stages and provides a basis for
high-level feature extraction. This process can be formulated as:

X X, = split(X) 1)
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Y, Conviy, (DepthwiseConVM (Conlel(Xz))) 2)

YzConcat(Xlez) (3)

The backbone consists of modules based on ShuffleNet V2, and maximizes computational efficiency
by repeatedly applying the Inverted Residual Block and Shuffle Block. In each block, channels are divided
into groups, and the computational cost is reduced while minimizing information loss through depthwise
convolution and channel shuffling. Through this process, multi-level feature maps such as F;, F4, and Fs are
generated in stages. After that, Fs is passed to the SPPF (Spatial Pyramid Pooling Fast) module to perform
parallel pooling operation using filters of various sizes. This module integrates spatial information of multiple
resolutions to help the model effectively recognize objects of various sizes. The output of the SPPF module
serves as the final backbone output and is passed as the input of the next Neck stage.

Neck is a PANet-based structure that repeatedly performs upsampling and concatenation operations to
restore high-resolution features. For example, the SPPF output is combined with the upper-level feature F,
to generate P4, and then P; is generated through an upsampling operation combined with Fs. This process
enhances multi-scale object detection by integrating high-resolution information and low-resolution infor-
mation.

In the Head stage, object detection operation is finally performed based on the multi-resolution feature
maps of Ps;, Py, and Ps. In each feature map, a prediction result including the center coordinate (x, y),
width (w), height (h), class probability (c), and confidence score is generated. This process is performed in
parallel for each scale, and in the post-processing step, duplicate boxes are removed through non-maximum
suppression (NMS) and the final detection result is produced. In this way, YOLOV5-V2 clearly defines the
operation flow of each step through a pseudocode-based structure, and is designed as a lightweight object
detection model that can simultaneously secure operation optimization, lightweight, and multi-resolution
recognition performance.

2.3 Design of the YOLOv5-P Model

The YOLOV5-P model is based on the basic structure of YOLOV5, but focuses on significantly reducing
the computational complexity and number of parameters of the entire model by introducing the core
lightweight design concept of PP-PicoDet. This model consists of input processing, backbone, lightweight
neck, and detection head, and focuses on securing real-time performance in edge-based applications such
as pest detection. The overall structure, as depicted in Fig. 3 below, comprises input processing, backbone,
SPPF module, Neck, and Detection Heads.

The model begins by extracting initial features through a 3 x 3 convolution (conv) operation and
downsampling with a Stride 2 for the RGB input image, and depthwise separable convolution is used
to minimize the computational cost in the first operation block. In the subsequent backbone structure,
lightweight modules similar to the ELAN (Enhanced Lightweight Aggregation Network) adopted in PP-
PicoDet are applied, contributing to effectively extracting core information while reducing the size of the
entire model.

In the backbone stage, multi-stage blocks for generating feature pyramids are repeatedly used, and each
block includes depth-separated convolution with a kernel size of 3 x 3 or 5 x 5, channel merging, and skip
connections. In particular, a lightweight Bottleneck structure is used to remove unnecessary duplication
between channels and maintain efficient information flow, which is a key design element of PP-PicoDet’s
lightweight strategy.
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Figure 3: Structure of the YOLOvV5-P model

The Neck structure serves as a replacement or a simplified version of YOLOv5’s PANet, and integrates
upper and lower level feature maps through a lightweight Path Aggregation Block. In this process, more
computationally efficient additive feature fusion or depthwise convolution-based merge operations are
used instead of upsampling and concatenation. This reduces memory usage while maintaining important
feature information.

In the final Head stage, the position coordinates, size, class probability, and confidence score of the
object are predicted using multi-resolution output feature maps (P, P4, Ps). YOLOV5-P reduces the number
of output channels per layer for conciseness and lightweight prediction, and during post-processing, non-
maximum suppression (NMS) is used to remove duplicate detection results to determine the final object.
The overall structure of YOLOVS5-P is based on the design philosophy of PP-PicoDet and is composed of
a lightweight network architecture that maintains the detection performance of YOLOvV5 while enabling
real-time operation in mobile environments or low-spec edge devices. This model is particularly effective in
significantly reducing the total number of model parameters and memory usage while maintaining detection
accuracy for objects ranging from small to medium sizes such as pest detection, drone exploration, and
IoT-based sensor image analysis.
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2.4 Structure of the YOLOv5-P Model

The YOLOV5-P model is a detection model that actively introduces the lightweight strategy of Edge
Segmentation Network (ESNet) [19] and PP-PicoDet while based on the detection structure of YOLOV5 to
reduce the overall computational cost and enhance real-time processing performance. This model consists
of four stages: Backbone, Head, Neck, and Detection, and the computational flow of each stage is defined
according to the pseudocode in Algorithm 2.

Algorithm 2: Pseudocode of YOLOV5-P model structure

Input: T ¢ REXWxC //Tnput RGB image
1. Backbone-Feature extraction based on ESNet architecture

F, < CBH(L; C =48,k =3,5=2) //P2/4

F, < ES_Bottleneck(F;; C=96,s=2) /IP3/

F; < Repeat (F,; ES_Bottleneck, n = 3)

F, < ES_Bottleneck(F;; C=192,s=2) /IP5/16

Fs < Repeat (Fy; ES_Bottleneck, n = 7)

Fs < ES_Bottleneck(Fs; C =384,s=2) //P7/32

F; < Repeat (Fg; ES_Bottleneck, n = 3)

2. Head—Multi-scale integration based on CSP-PAN architecture
H1 <« COIllel (F7; C= 192)

H, < Concat (H;, F5)

P; < BottleneckCSP((H,; C =192) //P5 (16x down)
H; < Convyy (P5)

H, < Upsample (H;)

Hs < Concat (Hy, F3)

P, < BottleneckCSP((Hs; C =192) //P4 (8x down)
Hs < Conviy (Py)

H;s < Upsample (Hg)

H;s < Concat (H7, F,)

P, < BottleneckCSP(Hg; C =192) //P3 (4x down)
3. Neck—Deep feature integration through downsampling

D, < DWConvBlock (P3; k =5,s =2)

C4 < Concat (Dy, Py)

P} < BottleneckCSP((Cy4; C =192)

Ds <« DWConvBlock (P;;k =58= 2)

Cs < Concat (Ds, Ps)

P% < BottleneckCSP((Cs; C =192)

D¢ < DWConvBlock (P;;k =58= 2)

PS <~ D6 //P6 (32>< dOWn)
4. Detection—Perform multi-scale predictions
Y« Detect(P;,P,, P5, Ps) //Predict (%, y, w, h, ¢) for each location

$ N
Y = {Xi) Yi» Wi, hi) Ci}i:]

First, in the Backbone stage, the initial feature map F, is generated through the Convolutional Bottleneck
Hybrid (CBH) module that combines the 3 x 3 convolution (Conv) operation and the HardSwish activation
function for the input image. After that, four ES_Bottleneck modules are repeatedly applied to extract the
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intermediate feature maps from F; to Fs. These maps are connected to the corresponding resolution stages, P3
to P6 in the YOLO structure. The ES_Bottleneck module secures both computational efficiency and feature
expressiveness by combining the depthwise convolution and channel shuffle techniques.

The Head stage is designed based on the CSP-PAN structure [20], and it fuses features of various
resolutions and performs feature fusion and reconstruction across various resolutions. First, F; is generated
by applying ES_Bottleneck to F6 again, and blocks for each resolution are configured based on this. For
example, H; and H, are integrated with upper-level features through upsampling and concatenation to form
feature maps of Ps and P, levels, respectively. After that, the BottleneckCSP module is applied again in
stages to expand the feature map to the P; level. This structure effectively handles object recognition across
various object sizes, including small objects. In the Neck structure, the feature map of the upper resolution
is downsampled again to perform deep feature representation. At this time, DWConvBlock (Depthwise
Convolution Block) and BottleneckCSP are alternately arranged to compress information while preserving
important spatial information. D4 to Dy generated through this correspond to Ps, P4, and Ps, respectively,
and ultimately, a multi-scale feature map is constructed across four resolution levels.

In the detection stage, feature maps from P; to P are input, and the detection results, such as the
bounding box center coordinates (x, y), width w, height h, and class probability ¢ for each location, are
output. YOLOV5-P makes these predictions based on four automatically set anchors, during the post-
processing stage, duplicate boxes are removed through non-maximum suppression (NMS) to produce the
final detection results.

YOLOV5-P is designed to combine the latest lightweight techniques, such as depthwise convolution,
shuffle, BottleneckCSP, and additive fusion in the entire structure, and has secured computational optimiza-
tion performance that can be processed in real time, not only on GPUs but also on CPU-based devices and
edge devices. In particular, it is expected to significantly reduce the overall number of model parameters and
memory usage while maintaining detection accuracy for objects of various sizes, from small to medium-
sized objects. Due to these structural features, YOLOV5-P can be utilized as a high-performance, lightweight
detection model suitable for various field application environments that require both lightness and real-time
performance, such as pest detection, drone-based smart agricultural image analysis, and IoT sensor-based
object recognition.

3 Experiments
3.1 Dataset

The rice pest image dataset used in this study was captured in a real-world rice field environment and
consists of 3234 images in total. The dataset includes images of three typical pests that frequently appear
in rice cultivation: bacterial blight, rice blast, and brown spot. It consists of 1279 images of bacterial blight,
1297 images of rice blast, and 658 images of brown spot, specifically. To enhance the generalizability of
the model and simulate real-field application scenarios, the images were captured using a mobile device
under natural daylight conditions in a rice field environment. The images feature a complex background and
exhibit variations in shooting angle, distance, and lighting conditions, capturing diverse manifestations of
the diseases on rice leaves. The labels of each pest image were distinguished based on visual symptoms, and
the dataset was divided into a training set and a validation set for model evaluation. Approximately 70%
of the total images, or 2241 images, were used for training, and the remaining 30%, or 993 images, were
used for validation. By disease type, it was composed of white leaf blight (886 training/393 verification),
blast (910/387), and striped leaf blight (445/213), and the data set was divided through random sampling.
The training set accounted for 69.3% of the entire data set, and the verification set accounted for 30.7%,
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and stratified sampling was applied while maintaining the data ratio by disease. The detailed distribution by
disease and pest is summarized in Table 1 below.

Table 1: Composition of rice disease image dataset

Disease Total Trainingsets Validation sets
Bacterialblight 1279 886 393
Riceblast 1297 899 398
Brownspot 658 456 202
Total 3234 2241 993

3.2 Experimental Environment

Model training and experiments were performed in a GPU server environment based on Matripool
cloud, with an Ubuntu-based Linux operating system. The main software stack consisted of Python 3.10.14,
PyTorch 2.3.1, and CUDA 11.8, and the hardware specifications were based on NVIDIA RTX 2080Ti GPU.

The model implementation was based on the YOLOV5 open source framework provided by Ultralytics,
with modifications to lighten and improve the structure of YOLOV5s. All learning and validation processes
were performed under the same settings, ensuring consistent dataset partitioning and hyperparameters for
accurate performance comparison.

The input image was resized to 640 x 640 pixels and processed, and basic data augmentation techniques
such as horizontal flipping and color adjustment were applied during learning. The loss function used
a combination of Cross-Entropy and CloU-Loss, model performance was evaluated using metrics such
as mAP (mean Average Precision), IoU (Intersection over Union), model size, number of parameters,
and inference speed (FPS). All experiments were performed with a batch size of 1, and the average FPS
(Frames Per Second) indicator was also displayed to objectively measure the processing speed in a real-time
inference environment.

3.3 Comparative Experiments

The results of the model performance comparison are summarized in Tables 2 and 3. To ensure
the robustness of our results, each experiment was run 5 times with different random seeds for weight
initialization and data shuffling. The reported results are the mean values from these runs. In this study, the
detection accuracy, lightweight effect, and real-time processing performance were quantitatively evaluated,
focusing on the proposed YOLOvV5-V2 and YOLOV5-P models. YOLOvV5-V2 demonstrated superior accuracy
compared to YOLOV5-P, recording 89.6% at mAP: 0.5 and 66.7% at mAP: 0.5:0.95. Precision and recall
also showed high values of 91.3% and 85.6%, respectively. On the other hand, YOLOvV5-P showed lower
performance overall with mAP 0.5 at 70.3%, mAP 0.5-0.95 at 35.2%, Precision at 62.3%, and Recall at 74.1%,
but the model size was 4.03 MB, which was about 37% lighter than YOLOV5-V2 at 6.45 MB, proving its
efficiency more suitable for mobile environments. Regarding real-time processing performance, YOLOv5-V2
recorded an average of 84.0 FPS, while YOLOV5-P showed a relatively slow speed of 63.6 FPS, but still capable
of real-time processing. In particular, YOLOV5-V2 is judged to have a structure with overall balance in terms
of model size, speed, and accuracy, and YOLOvV5-P has high potential for use in application environments
that prioritize ultra-lightweight and fast inference speed.



Comput Mater Contin. 2026;86(1) 1

Table 2: Comparison results of model performance

Model mAP 0.5 mAP 0.5-0.95 Precision Recall

YOLOvV5-V2 89.6% +0.42  66.7% +1.05 91.3% + 0.38 85.6% + 0.51
YOLOvV5-P  70.3% +0.87 352% +1.92  62.3% +£192 74.1% +0.93
p-value <0.01 <0.01 <0.01 0.02

Table 3: Comparison results of model performance

Model Flops Params Weights(MB) FPS mAPO0.5 mAP0.5-0.95

YOLOv5s 165G 723 M 14.00 61.0 56.0% 37.2%
YOLOv8n 81G 320M 6.50 112.0 80.7% 44.8%
YOLOv5-V2 073G 318M 6.45 84.0 89.6% 66.7%
YOLOV5-P 166G 135M 4.03 63.6 70.3% 35.2%

The improvements offered by YOLOV5-V2 over YOLOV5-P were statistically significant (p < 0.01) for all
major metrics, as confirmed by a paired t-test performed on the results from 5 independent training runs.

To validate the advancement of the proposed model, we conducted a comprehensive comparison with
the state-of-the-art YOLOv8n model. YOLOV8n is a nano-scale model from the YOLO series released by
Ultralytics, renowned for its excellent lightweight design and speed-accuracy balance, making it a strong
baseline model in the field of lightweight object detection.

As shown in Table 3, our proposed YOLOV5-V2 model demonstrates significant performance advan-
tages over the advanced YOLOv8n model. Although the parameter counts of the two models are very similar
(YOLOV5-V2: 3.18 M vs. YOLOv8n: 3.2 M), YOLOV5-V2 outperforms YOLOv8n by approximately 9% in
mAP50 (89.6% vs. 80.7%) and 22% in mAP50-95 (66.7% vs. 44.8%). This result strongly validates that our
strategy of employing a ShuffleNetV2 backbone and removing the Focus layer provides superior feature
extraction capabilities for the specific task of rice disease detection compared to the architecture used by
YOLOVS8n.

It is noteworthy that YOLOv8n achieves higher FPS on a high-end GPU (RTX 2080T1i) (112 vs. 84),
benefiting from its deeper architecture and optimized GPU inference engine. However, the computational
complexity (FLOPs) of our model is significantly lower than that of YOLOv8n (0.73 G vs. 8.7 G), indicating
that YOLOV5-V2 has an inherent advantage in computational efficiency. We anticipate that the speed gap
between the two models will narrow or even reverse, when deployed on resource-constrained edge devices
(e.g., Jetson Nano), while the accuracy advantage of YOLOvV5-V2 will make it a superior choice for field
deployment. This will be a key focus of our next-step validation.

In conclusion, while maintaining excellent lightweight characteristics, YOLOv5-V2 significantly sur-
passes the lightweight benchmark YOLOvVS8n in detection accuracy, achieving a better Accuracy-Complexity
Trade-off, making it more suitable for agricultural edge computing scenarios with limited computational
resources.

3.4 Visual Prediction Results and Performance Analysis by Disease

Table 4 compares the visual prediction results of the two models for three diseases (blight, wilt, and black
scorpion). YOLOV5-V2 demonstrated excellent prediction stability, with high confidence scores (0.89-0.92)
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and accurate bounding box alignment for all three diseases. In contrast, YOLOV5-P showed low confidence
scores (0.28~0.36) and missed detections for some diseases (especially black scorpion). This visual difference
is due to the structural difference in the models, and YOLOV5-P exhibiting relatively lower feature expression
capability, which is confirmed to have low detection accuracy in small lesions or ambiguous boundaries.

Table 4: Images of prediction results by model

Model Riceblast Bacterialblight Brownspot

10 Br
0 BrownSpot 0.92

YOLOv5-V2

0 Bro
0 BrownSpot 0.83

YOLO5-P

_—

- A

This trend is also evident in the quantitative performance comparison by disease in Table 5. YOLOv5-V2
showed excellent performance overall, recording mAP: 0.5 of 97.2% for Riceblast, 91.2% for Bacterialblight,
and 80.3% for Brownspot, However, YOLOV5-P exhibited low accuracy, with figures of 71.0%, 63.5%, and
56.2% for the same diseases, respectively.

Table 5: Results of detection performance by disease

Model Disease mAP 0.5 mAP 0.5-0.95 Precision Recall Weights (MB) FPS
Riceblast 972 79.0 95.7 96.0

YOLOV5-V2  Bacterialblight 91.2 66.0 94.0 84.8 6.45 84.0
Brownspot 80.3 55.0 84.4 76.0
Riceblast 94.2 53.0 771 95.6

YOLOV5-P  Bacterialblight 45.7 17.5 48.5 53.9 4.03 63.6
Brownspot 71.0 351 61.2 72.8

A limitation of this study is that the model was evaluated on a single, privately collected dataset.
While the results are statistically significant, further validation on public benchmarks and datasets featuring
different rice varieties and environmental conditions is necessary to fully demonstrate the generalizability of
the proposed model. This will be a key focus of our future work.
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4 Conclusion

In this study, in order to simultaneously achieve real-time detection and lightweight processing for rice
pests and diseases, we proposed YOLOV5-V2, a new object detection model that integrates the ShuffleNet V2
module based on the YOLOV5s structure. The proposed model effectively reduces the overall computational
complexity and model size by removing the Focus layer and introducing the efficient backbone of ShuftleNet
V2 while maintaining the structural advantages of the existing YOLOvV5s. In addition, we implemented the
YOLOV5-P model based on PP-PicoDet together for performance comparison, and quantitatively analyzed
the performance of both models based on the same pest image dataset. As a result of the experiment,
YOLOvV5-V2 demonstrated excellent detection performance, recording mAP 0.5 (89.6%), mAP 0.5-0.95
(66.7%), Precision 91.3%, and Recall 85.6% despite its lightweight model size of 6.45 MB. On the other
hand, YOLOV5-P had a smaller model size but showed poorer performance in terms of detection accuracy
and reliability.

In particular, YOLOvV5-V2 showed excellent detection quality even when the disease boundary was
ambiguous or the lesion size was small, and it confirmed the possibility of securing both real-time perfor-
mance and precision even in environments with limited computational resources such as edge computing.
The practicality and field applicability of the proposed model were also proven by conducting experiments
on three types of diseases that frequently occur in actual agricultural fields: blast, white leaf blight, and
black scorpion.

A limitation of this study is the absence of performance benchmarks on physical edge computing
devices. In future work, we plan to deploy our models on platforms such as NVIDIA Jetson Nano and
Raspberry Pi to comprehensively evaluate their real-world inference speed, power consumption, and thermal
performance, further validating their practicality for field deployment.

Although the dataset used in this study was collected in complex outdoor environments, preliminarily
demonstrating the model’s robustness to occlusions and lighting variations, it did not systematically evaluate
the model’s performance under specific degradation conditions such as motion blur and sensor noise.
In future work, constructing a dedicated evaluation dataset encompassing these challenging noises and
conducting a comprehensive robustness benchmark test will be our top priority.

While the proposed model demonstrates excellent performance on our dataset, its translation into
real-world agricultural practice presents several challenges and opportunities. Firstly, data availability and
scalability remain a hurdle. Our model was trained on a specific, privately collected dataset. For broader
applicability, future efforts should focus on creating large-scale, public benchmarks encompassing diverse
rice varieties, disease strains, and environmental conditions. Techniques like transfer learning and few-shot
learning will be crucial for adapting the model to new regions with limited data.

Secondly, regarding deployment considerations, our model’s lightweight nature (6.45 MB, 0.73 G
FLOPs) makes it a suitable candidate for deployment on embedded systems like the NVIDIA Jetson Nano
or even modern smartphones. However, practical factors such as power consumption optimization under
continuous operation and thermal management in field conditions require further investigation.

Finally, the integration into existing workflows is key to adoption. A plausible scenario involves
deploying the model as a real-time diagnostic tool within a mobile application, allowing farmers to simply
take a picture of a diseased leaf for immediate analysis. Alternatively, it could be integrated into autonomous
scouting drones or robots for large-scale field monitoring. Overcoming barriers such as user-friendly
interface design, result interpretation for non-experts, and connectivity issues in rural areas will be essential
for successful implementation.
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In future studies, The immediate next step of this research is to deploy and evaluate the YOLOV5-
V2 and YOLOV5-P models on real edge computing platforms (e.g., NVIDIA Jetson Nano, Raspberry
Pi, and Qualcomm embedded development boards), comprehensively measuring their inference speed,
power consumption, and memory usage, and conducting a rigorous comparative analysis to ultimately
validate their practicality in real agricultural environments. The model can be expanded to various crop
diseases and developed into a core technology for smart agricultural solutions by integrating with actual
field sensor systems, implementation of an on-device inference environment, and fusion with multi-object
tracking functions.
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