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ABSTRACT: Accurate and timely detection of rice leaf diseases is critical for ensuring global food security and
maximizing agricultural yields. However, existing deep learning methods often struggle to balance the high accuracy
required for detecting multi-scale lesions in complex field environments with the computational efficiency necessary
for edge device deployment. This paper proposes You Only Look Once for Lightweight Detection (YOLOv11-LD), a
lightweight object detection model for multi-scale rice leaf disease detection in real paddy field environments. The
model is built on YOLOv11n and integrates a Re-parameterized Vision Transformer (RepViT) backbone, a Bidirectional
Feature Pyramid Network (BiFPN) based neck, and a Convolutional Block Attention Module (CBAM) to enhance
multi-scale feature representation to enhance multi-scale feature representation while maintaining a lightweight
architecture suitable for edge deployment. A dataset of 3234 images captured in actual rice paddies was constructed,
containing three major rice leaf diseases: bacterial blight, rice blast, and brown spot. and was split into 2241 training
images and 993 validation images. Ablation experiments show that the full YOLOv11-LD configuration achieves
95.2% mAP_0.5 with 7.8 Giga Floating-Point Operations (GFLOPs) and 3.5M parameters, outperforming the baseline
YOLOv11n (91.4% mAP_0.5) under the same input resolution of 640× 640. Additional comparisons with Faster Region-
based Convolutional Neural Network (Faster R-CNN), Single Shot MultiBox Detector (SSD), YOLOv5n, YOLOv8n,
and YOLOv11n further confirm that YOLOv11-LD provides the best overall trade-off between detection accuracy and
computational efficiency. These results demonstrate that YOLOv11-LD offers superior operational efficiency suitable for
resource-constrained smart rice disease monitoring systems.
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1 Introduction
Rice is a staple crop consumed by a significant portion of the global population, and its productivity and

quality are directly linked to food security and the stability of the agricultural economy [1]. However, various
diseases occurring throughout the cultivation process simultaneously affect multiple organs, such as leaves,
stems, and panicles. In severe cases, these infestations lead to yield reduction and quality deterioration [2].
In particular, failure to accurately identify the timing and density of Disease occurrences can result in
dual negative outcomes: environmental pollution and the emergence of resistant Diseases due to excessive
pesticide application, or yield losses caused by insufficient control. Consequently, precise monitoring of
the location and distribution of Disease at the field level, followed by the establishment of a precision
control system based on timely intervention, has emerged as a critical task for the implementation of smart
agriculture [3,4].
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Traditional surveys of rice Disease have relied heavily on skilled surveyors patrolling fields to visually
identify lesions and count individuals. This method is limited by significant variations in results depending
on the surveyor’s experience and subjectivity, as well as the considerable time and labor required to
repeatedly observe large paddy fields [5]. Furthermore, rice leaf lesions initially appear as minute spots
that gradually spread to surrounding tissues, and Diseases range from small individuals to relatively large
insects, varying widely in size and shape. These factors make visual inspection structurally disadvantaged
for early detection and quantitative population estimation. Recently, automated detection technologies
based on imaging sensors such as drones, fixed cameras, and autonomous robots have been introduced.
However, complex backgrounds in real-world environments, overlapping leaves, varying shooting distances
and angles, and illumination changes due to natural light remain significant factors that degrade recognition
performance [6–8].

To overcome these limitations, research on the automatic detection and classification of Diseases using
computer vision and deep learning techniques has recently been actively conducted.

Against this background, the primary objective of this study is to systematically verify the performance
of a lightweight YOLO-LD (YOLOv11-LD) model applied to rice disease detection. The YOLO-LD model
is designed as a lightweight object detector based on YOLOv11n, integrating a Re-parameterized Vision
Transformer (RepViT) backbone, a Bidirectional Feature Pyramid Network (BiFPN)-based neck, and a
Convolutional Block Attention Module (CBAM). This design aims to efficiently fuse multi-scale features
while simultaneously reducing computational complexity and model size.

Current constraints in agricultural AI require a delicate balance between detection accuracy for minute
lesions and computational efficiency for low-power devices. To address this, the main contributions of this
study are summarized as follows:

Systematic Architecture Optimization: We propose YOLOv11-LD, a specialized architecture that
systematically integrates a RepViT backbone and a RepBiFPN neck. This design is not a mere combi-
nation of modules but a mathematically optimized structure that maximizes gradient flow and feature
re-parameterization, achieving a superior trade-off between inference speed and accuracy compared to
generic lightweight models.

Enhanced Multi-Scale Feature Representation: To tackle the extreme scale variation of rice lesions
(from tiny initial spots to large blights), we designed a fusion mechanism coupling RepBiFPN with CBAM.
This effectively suppresses complex background noise in paddy fields—a major failure point for standard
lightweight detectors—while preserving semantic information for small objects.

Empirical Validation of Efficiency: Through rigorous benchmarking against state-of-the-art lightweight
models, including YOLOv9-t and YOLOv10-n, we demonstrate that YOLOv11-LD achieves the highest
parameter efficiency (95.2% mAP at 52 FPS), verifying its operational suitability for resource-constrained
agricultural environments.

2 Related Work
Early studies on plant disease detection attempted to identify specific diseases by combining manual

feature engineering (based on color, texture, and shape) with traditional classifiers (e.g., SVM, Decision Trees,
Probabilistic Neural Networks) [9]. However, this approach fails to sufficiently account for complex back-
grounds, diverse shooting conditions, and the multi-scale characteristics of lesions. Moreover, it suffers from
the structural limitation that features must be redesigned whenever the target object or environment changes.
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Accordingly, object detection models utilizing Convolutional Neural Networks (CNNs) are being
actively adopted for rice disease recognition. Studies utilizing not only two-stage (Faster R-CNN) and one-
stage (SSD, RetinaNet) detection frameworks but also YOLO-series models, which simultaneously predict
location and class in a single stage, have been reported [10–13]. In particular, the YOLO series is attracting
attention as a suitable model for agricultural applications based on drones, mobile devices, and edge devices,
as it offers both high inference speeds and excellent detection accuracy [14].

Recent research has focused on optimizing YOLO architectures for agricultural scenarios [15–17]. For
instance, T-YOLO-rice introduced an enhanced tiny network for paddy agronomy, while other works have
integrated attention mechanisms into MobileNet-based YOLO architectures to improve pest and disease
detection. Similarly, bidirectional feature attention pyramid networks have been explored with YOLOv5 to
enhance feature fusion.

Nevertheless, many high-precision YOLO models possess a large number of parameters and high
computational volume, measured in floating-point operations (FLOPs), making them burdensome for
real-time operation in embedded environments. Conversely, extremely lightweight models often struggle
to secure sufficient expressive power to reliably recognize minute lesions and small Diseases in com-
plex environments [18,19]. In other words, while the rice Disease detection problem requires an object
detection model that satisfies both the expressive power to handle multi-scale and morphological diversity
and the lightweight characteristics operable in edge environments, research systematically verifying these
requirements remains insufficient.

Despite these advancements, many high-precision YOLO models possess a large number of parameters
and high computational volume (FLOPs), making them burdensome for real-time operation in embedded
environments. Conversely, extremely lightweight models often struggle to secure sufficient expressive power
to reliably recognize minute lesions in complex environments. To address these issues, the YOLOv11-LD
proposed in this study adopts YOLOv11n as the baseline structure but enhances it by integrating the
RepViT backbone, BiFPN neck, and CBAM attention module to create a specialized lightweight disease
detection model.

3 Proposed Method

3.1 Overall Architecture of YOLOv11-LD Model
Fig. 1 illustrates the overall architecture of the proposed YOLOv11-LD. The model consists of three main

parts: Backbone, Neck, and Head.
First, the Backbone utilizes a RepViT-based feature extraction network to extract features ranging from

low-level to high-level from the input image. In the final stage, a Spatial Pyramid Pooling-Fast (SPPF) module
is used to aggregate information from various receptive fields. Subsequently, a CBAM module is integrated
to selectively weight important Disease regions across channel and spatial dimensions, thereby suppressing
unnecessary features such as leaf backgrounds or noise while emphasizing candidate regions for lesions
and Diseases.

In the Neck section, the multi-scale feature maps extracted from the backbone are fused using a
BiFPN-based feature pyramid structure. Specifically, a bidirectional feature pyramid that considers both top-
down and bottom-up paths allows for repetitive information exchange between feature maps of different
resolutions. At each node, features from paths of varying depths are integrated using a fast normalized
fusion method (weighted sum). During this process, Conv blocks, C3k2 blocks, and Upsample operations are
appropriately arranged to ensure that small, medium, and large objects all retain sufficient spatial resolution
and semantic information.
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Figure 1: Structure of YOLOv11-LD model.

The Head is composed of a Path Aggregation Network (PANet)-based path aggregation structure and
a Decoupled Detect Head. The multi-scale feature maps transmitted from the Neck are aggregated again
along top-down and bottom-up paths. Finally, detection heads corresponding to three resolutions tailored
for small, medium, and large objects predict the location and class of Disease, respectively. By consistently
designing the Backbone–Neck–Head with a lightweight structure, YOLOv11-LD aims to maintain a model
complexity comparable to the existing YOLOv11n while improving multi-scale detection performance in
complex environments.

Implementation Details of Key Modules:
To ensure reproducibility, we explicitly define the specific modules denoted in our architecture:
SimConv (Standard Convolution Block): Represents a standard convolution unit consisting of a 2D

Convolution layer, followed by Batch Normalization (BN) and a Sigmoid Linear Unit (SiLU) activation
function.

C3k2 (CSP Bottleneck): Refers to a Cross Stage Partial (CSP) Bottleneck block optimized with a kernel
size of k = 2. It splits the feature map into two parts to reduce computational redundancy.

RepVB (RepViT Block): It corresponds to the re-parameterized building block from the RepViT
architecture. During training, it utilizes a multi-branch topology (comprising 3 × 3 convolution, 1 × 1
convolution, and identity connection) which is fused into a single 3 × 3 convolution during inference.
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BiFusion (Weighted Fusion Node): Refers to the weighted feature fusion operation within the BiFPN
neck, utilizing the Fast Normalized Fusion method.

3.2 Re-Parameterized Vision Transformer Backbone
Fig. 2 shows the structure of the RepViT backbone used in the proposed model. RepViT is a lightweight

feature extraction network designed to combine the global context extraction capability of Vision Transform-
ers with the efficient computational structure of mobile-friendly CNNs [20]. The entire backbone consists of
a Stem stage and Stages 1–4, where each stage comprises a Downsample block and multiple RepViTBlocks.

Figure 2: Structure of RepVit backbone.

Inside each RepViTBlock, a 3× 3 depthwise convolution and a 1× 1 pointwise convolution are combined
to efficiently extract local spatial features, while a Feed-Forward Network (FFN) arranged in parallel or series
supplements channel-wise expressiveness. During the training phase, multi-path convolution blocks with
branch structures are used to increase expressiveness; during inference, these are converted into a single
3 × 3 convolution via structural re-parameterization, significantly reducing the number of calculations and
parameters. Additionally, Squeeze-and-Excitation (SE) blocks are placed in some stages to model inter-
channel dependencies and assign higher weights to important channels, thereby making Disease and disease
candidate regions more distinct.
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By utilizing this RepViT backbone instead of the standard CNN backbone of YOLOv11n, the proposed
model can simultaneously reflect global and local features while maintaining lightweight characteristics,
effectively representing multi-scale objects in high-resolution rice Disease images.

3.3 BiFPN-Based Neck
Fig. 3 compares the BiFPN (Bidirectional Feature Pyramid Network) structure [21] used in the neck of

the proposed model with existing Feature Pyramid Network (FPN), Path Aggregation Network (PANet), and
Neural Architecture Search Feature Pyramid Network (NAS-FPN) structures. Traditional FPN propagates
high-level semantic information from low-resolution to high-resolution feature maps via a unidirectional
(top-down) pyramid structure, but it has the limitation that fine spatial information from lower layers is not
sufficiently fed back in a bottom-up manner. PANet added a bottom-up path on top of FPN to implement
bidirectional information flow, but it is noted that efficient feature fusion is difficult because equal weights
are assigned to all paths. NAS-FPN automatically designs more complex feature pyramid structures through
neural architecture search, but its highly complex structure and high computational cost make it unsuitable
for lightweight models.

Figure 3: Structure of BiFPN.

BiFPN addresses these issues by introducing Weighted Feature Fusion on top of a simplified pyramid
structure where top-down and bottom-up paths are repeatedly connected. Each node receives feature maps
from two or more resolutions, assigns a learnable scalar weight wi to each path, and then calculates the output
feature as a normalized weighted sum using the Fast Normalized Fusion method. In this paper, this process
is expressed as in Eq. (1).

O = ∑i wi ⋅ Ii

ε +∑i wi
(1)

here, Ii is the i-th input feature map, wi is a weight constrained to be non-negative, and ε is a small
constant for numerical stability. Through this weighted fusion, the model automatically places greater
importance on significant resolutions or paths during training, optimizing by reducing the contribution of
unnecessary paths.

In YOLOv11-LD, the BiFPN-based neck repeatedly fuses feature maps of different scales extracted from
the backbone, helping objects of various sizes from small lesions and Diseases to medium or large ones
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maintain both sufficient semantic information and spatial resolution. This improves the detection perfor-
mance of small Disease objects in complex backgrounds while minimizing the increase in computational
volume compared to existing FPN or PANet, thus preserving the advantages of a lightweight model.

3.4 Pseudocode of YOLOv11-LD
Table 1 presents the forward propagation process of the YOLOv11-LD model in pseudocode. It details

the step-by-step procedure of generating multi-scale predictions Y = {Ysmall , Ymedium, Ylarge} corresponding
to small, medium, and large objects from an input image I ∈ RH×W×3. The model consists of four stages: Stage
1 (Backbone Extraction), Stage 2 (BiFusion Head), Stage 3 (Path Aggregation), and Stage 4 (Prediction).

Table 1: Pseudocode of YOLOv11-LD model structure.

Input: Image I ∈ RH×W×3

Output: Multi-scale Predictions Y = {Ysmall , Ymedium , Ylarge}
Stage 1: Backbone Extraction (RepVB + CBAM)

1. P2 ← C3k2 (Conv↓4 (I)) ➢ Layer 2: Fine-grained features
2. P3 ← C3k2 (Conv↓8 (P2)) ➢ Layer 4
3. P4 ← RepV B (Conv↓16 (P3)) ➢ Layer 6: Strong feature extraction
4. Praw5 ← SPPF (RepV B (Conv↓32 (P4))) ➢ Layer 8–9
5. P5 ← CBAM (Praw5) ➢ Layer 10: Attention Refinement

Stage 2: BiFusion Head (Cross-Scale Fusion)
6. P pro j

5 ← SimConv (P5) ➢ Layer 11
7. //Block 1: Fusion of P3, P4, P5
8. F mi x1 ← BiFusion (P3 , P4 , P pro j

5 ) ➢ Layer 12
9. Hmid ← RepBlock (Conv (F mi x1)) ➢ Layer 14: Intermediate feature
10. //Block 2: Fusion of P2, P3, and Hmid

11. H pro j
mid ← SimConv (Hmid)

12. F mi x2 ← BiFusion (P2 , P3 , H pro j
mid ) ➢ Layer 16: Small object focus

13. Y smal l ← RepBlock (Conv (F mi x2)) ➢ Layer 18: Small Detect Output
Stage 3: Path Aggregation (PANet Path)
14. F↓1 ← SimConvstr id e=2 (Y smal l)
15. Y med ium ← RepBlock (Concat (F↓1 , Hmid)) ➢ Layer 21: Medium Detect Output
16. F↓2 ← SimConvstr id e=2 (Y med ium)
17. Y l ar g e ← RepBlock (Concat (F↓2 , P pro j

5 )) ➢ Layer 24: Large Detect Output
Stage 4: Prediction
18. Y ← DetectHead (Y smal l , Y med ium , Y l ar g e)
19. Return Y

In Stage 1, the RepViT-based backbone (RepVB) and CBAM module are used to progressively extract
rich features. The input image I is converted into low-level fine feature maps P2, P3 through consecutive
convolution and C3k2 blocks. P3 is then transformed into an intermediate representation P4 with stronger
semantic features through convolution layers containing RepViT blocks. Subsequently, RepViT and SPPF
modules are combined to generate Praw5, which integrates information from various receptive fields.
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Finally, the CBAM module is applied to Praw5 to obtain the refined feature P5, where high weights are assigned
to important disease/Disease regions.

Stage 2 fuses multi-scale features from the backbone using the BiFusion module. P5 is projected to
P5pro j via SimConv. In Block 1, P3, P4, and P5pro j are input into the BiFusion module to calculate the mixed
feature Fmix1, which is refined into Hmid . Block 2 inputs Hmid pro j , P2, and P3 into BiFusion to obtain Fmix2,
generating the feature map Ysmal l specialized for small object detection.

Stage 3 reinforces representations for medium and large objects using a PANet-based structure. Ysmal l
is downsampled to F↓1 and concatenated with Hmid to form Ymed ium . Ymed ium is further downsampled to
F↓2 and combined with P5pro j to generate Yl ar ge .

Finally, Stage 4 inputs these three scale-specific features into the Decoupled Detect Head to predict
candidate boxes, calculating position, size, objectness, and class probability to return the final prediction
set Y .

3.5 YOLO11-LD Loss Function
The training objective of the proposed YOLOv11-LD model is to minimize the total loss function (Ltotal ),

which is defined as the weighted sum of three components: box regression loss (Lbox ), classification loss
(Lcl s), and distribution focal loss (Ld f l ). This process is expressed as in Eq. (2).

Ltotal = λbox Lbox + λc l s Lc l s + λd f l Ld f l (2)

here, λbox , λcl s , λd f l are weight parameters controlling the importance of each loss component.
Box Regression Loss (Lbox ): CIoU (Complete Intersection over Union) loss is used to precisely estimate

Disease location. CIoU considers not only the overlapping area (Intersection over Union, IoU) but also the
Euclidean distance between center points and the consistency of the aspect ratio. This improves convergence
speed and position correction accuracy for Diseases that are occluded or irregular in shape.

Classification Loss (Lcl s): Binary Cross Entropy (BCE) loss is used for class classification. This measures
the difference between the predicted class probability distribution and the actual label, training the model to
distinguish Diseases from the background and correctly identify species.

Distribution Focal Loss (Ld f l ): DFL is introduced to address the issue of ambiguous object boundaries.
As YOLOv11 follows an anchor-free structure, DFL models the bounding box coordinates as a general
probability distribution, allowing the network to focus on values near the actual label, thereby improving
localization precision for small or occluded Diseases.

Fig. 4 shows the Train Class Loss curves for the baseline YOLOv11n and the proposed YOLOv11n-LD.
YOLOv11n-LD consistently maintains lower loss values throughout the 300 epochs, demonstrating faster
convergence and better fitting ability.

3.6 Evaluation Metrics
In this study, to quantitatively evaluate the detection performance and computational efficiency of the

proposed YOLOv11-LD model, Precision (P), Recall (R), mean Average Precision (mAP), and the number
of model parameters were used as the main evaluation metrics.

Precision refers to the proportion of candidates predicted by the model as diseases or Diseases that are
actually positive, indicating how effectively the model suppresses false alarms. On the other hand, Recall
refers to the proportion of actual positive samples correctly detected by the model, reflecting the degree
of missed detections. mAP is a metric that synthesizes the average precision for all classes and is used
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to compare and evaluate the model’s overall detection accuracy at once when detecting various types of
diseases simultaneously. Additionally, the complexity of each model was analyzed by reporting the number
of parameters and the number of floating-point operations (FLOPs) together to analyze the balance between
accuracy and computational cost.

Figure 4: Train class loss compared.

Precision and Recall are calculated using Eqs. (3) and (4) based on the number of True Positives (TP),
False Positives (FP), and False Negatives (FN).

P = TP
TP + FP

(3)

R = TP
TP + FN

(4)

here, TP is the number of diseases or Diseases correctly detected by the model, FP is the number of
background or other objects incorrectly detected as Diseases, and FN is the number of Diseases that actually
exist but were not detected by the model. High precision means fewer FPs, while high recall means fewer
FNs. Since these two metrics generally have a trade-off relationship, it is important to analyze the P-R
(Precision-Recall) curve together.

The Average Precision (AP) for a single class is defined by integrating the area under the P-R curve for
that class, as shown in Eq. (5).

AP = ∫
1

0
P (R) dR (5)

here, P (R) is the precision value according to recall R, and the integration is performed over the interval
of recall from 0 to 1. In actual implementation, AP is usually approximated by numerical integration (e.g.,
trapezoidal rule) using P-R pairs measured at multiple recall points.

The mean Average Precision (mAP) for all classes is defined as the average of the APs of each class,
representing the model’s overall detection performance for all rice Disease as shown in Eq. (6).
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mAP = 1
N

N
∑
i=1

APi (6)

here, N is the number of target classes, and APi is the Average Precision for the i-th class. Since this
study targets three representative rice diseases/Diseases Bacterial blight, Rice blast, and Brown spot N = 3,
and mAP is calculated as the arithmetic mean of the APs for these three disease classes. By considering
Precision, Recall, AP, mAP, number of parameters, and FLOPs together, the trade-off between performance
and computational efficiency of the proposed YOLOv11-LD model and the comparative models can be
systematically analyzed.

4 Experiments
This study established a benchmark for rice disease and Disease detection using real-world imagery.

We optimized the YOLO-LD model for agricultural contexts by refining data augmentation and scale
configurations, verifying its robustness in complex, multi-scale environments. Through a holistic comparison
with existing state-of-the-art models considering accuracy, computational load, and speed we demonstrated
the quantitative viability of deploying lightweight models like YOLO-LD on edge devices for efficient
agricultural monitoring.

4.1 Dataset
The rice disease image dataset utilized in this study consists of images captured in real-world environ-

ments, comprising a total of 3234 images. The dataset targets three representative diseases frequently reported
in rice cultivation: Bacterial blight, Rice blast, and Brown spot. The class distribution includes 1279 images
of Bacterial blight, 1297 of Rice blast, and 658 of Brown spot, as summarized in Table 2.

Table 2: Composition of rice disease image dataset.

Disease Total Training Sets Validation Sets
Bacterialblight 1279 886 393

Riceblast 1297 899 398
Brownspot 658 456 202

Total 3234 2241 993

Images were collected using a handheld camera equipped with optical zoom to reflect actual field
conditions, capturing subjects from various distances and angles. To incorporate diverse visual factors
occurring in real-world environments such as complex backgrounds, occlusion, and lighting variations
the frames were composed to include rice leaves, stems, and ears. Although the original images varied
in resolution and aspect ratio, all images were resized to 640 × 640 pixels to ensure consistency during
network training.

For annotation, experienced evaluators manually designated lesion areas for each image, assigning
bounding boxes and class labels in the YOLO format. Since Bacterial blight, Rice blast, and Brown spot
all form lesions of varying sizes and shapes on leaf surfaces, this dataset encompasses multi-scale rice
diseases ranging from small spots to widely spread lesions, making it suitable for evaluating the robustness
of detection models.
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To facilitate model training and validation, the entire dataset was divided into training and validation
sets. Stratified sampling was applied to maintain the distribution of disease classes. Approximately 69.3% of
the total data, amounting to 2241 images, was allocated to the training set, while the remaining 993 images
were used for the validation set. Specifically, the training and validation splits were configured as follows: 886
and 393 images for Bacterial blight, 899 and 398 for Rice blast, and 456 and 202 for Brown spot, respectively,
as detailed in Table 2.

Note that in this study, the validation set was utilized to evaluate the model’s generalization performance
and for the final comparative analysis. All ‘inference tests’ mentioned in subsequent sections refer to
evaluations performed on this held-out validation dataset.

The dataset was specifically constructed to evaluate the model’s ability to distinguish between three
major rice leaf diseases (Bacterial blight, Rice blast, and Brown spot). Note that this study focuses on the
classification accuracy among these specific disease categories; therefore, healthy leaves or other background
objects were excluded from the target classes during annotation. Additionally, a subset of sample images and
annotation specifications is provided in the Supplementary Materials.

4.2 Experimental Environment
The experiments in this study were conducted on a standalone GPU workstation running a Windows

operating system. The hardware configuration consisted of an Intel Core i9-10900K CPU and an NVIDIA
Quadro RTX 6000 GPU equipped with 24 GB of GDDR6 VRAM. The software environment utilized the
PyTorch 2.7.0 deep learning framework with CUDA 12.1.0, and the algorithms were implemented using
Python 3.10.

All models were trained under identical experimental conditions to ensure a fair comparison. The input
resolution was fixed at 640 × 640 pixels, the batch size was set to 16, and the training duration was set to 300
epochs. Detailed hyperparameters, including learning rate and optimizer settings, were primarily based on
the default configuration of YOLOv11n, with fine-tuning applied to accommodate the specific characteristics
of the rice disease dataset.

4.3 Comparative Experiments
In this section, we conducted an ablation study to analyze the impact of the three key modules

constituting YOLOv11-LD on rice disease detection performance. Using YOLOv11n as the baseline, we
evaluated performance by stepwise integration of the RepViT backbone, BiFPN neck, and CBAM. The
comparative models include the original YOLOv11n, YOLOv11n+RepViT, YOLOv11n+BiFPN, YOLOv11n+
CBAM, and the final YOLOv11-LD integrating all three modules. Performance metrics, including Precision,
mAP_0.5, computational cost (GFLOPs), and the number of parameters, are summarized in Table 3.

Table 3: Results of ablation experiment.

Model Precision mAP_0.5 GFLOPs Parameters/M
Riceblast Bacterialblight Brownspot

YOLOv11n 94.2 91.7 88.3 91.4 6.4 2.5
YOLOv11n + RepVIT 93.9 88.5 84.7 89.0 5.0 0.9
YOLOv11n + BiFPN 98.7 96.8 94.0 96.5 7.9 3.1
YOLOv11n + CBAM 96.1 92.6 88.2 92.3 6.5 2.6

YOLOv11-LD 97.6 95.9 92.2 95.2 7.8 3.5
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First, as shown in Fig. 5, the YOLOv11n + RepViT model, which incorporates the RepViT backbone,
demonstrated significantly improved computational efficiency compared to the baseline. GFLOPs decreased
by approximately 18.8% (from 6.4 to 5.0G), and the number of parameters was reduced by roughly 62.0%
(from 2.5 to 0.9M). However, mAP_0.5 declined by 2.4%p (from 91.4% to 89.0%), suggesting that while
RepViT offers advantages in lightweighting, it faces limitations in securing sufficient representational power
for high-resolution rice disease images when applied in isolation.

Figure 5: YOLOv11n + RepViT.

Next, as shown in Fig. 6, the YOLOv11n + BiFPN model, applied to the neck architecture, enhanced
the fusion of multi-scale information across small, medium, and large lesions. This resulted in a substantial
increase in mAP_0.5 to 96.5%, a 5.1%p improvement over the baseline. However, this accuracy gain came
with a trade-off in computational complexity, as GFLOPs increased to 7.9G and the number of parameters
rose to 3.1M.

Figure 6: YOLOv11n + BiFPN.

As shown in Fig. 7, The YOLOv11n + CBAM model, which applies channel and spatial attention
to highlight disease regions, raised mAP_0.5 to 92.3%, a 0.9%p improvement over the baseline. In this
configuration, the increase in computational cost was relatively marginal compared to the accuracy gain,
with GFLOPs at 6.5G and parameters at 2.6M.

Figure 7: YOLOv11n + CBAM.

Finally, as shown in Fig. 8, the YOLOv11-LD model, integrating the RepViT backbone, BiFPN neck,
and CBAM, recorded per-class precision scores of 97.6% (Rice blast), 95.9% (Bacterial blight), and 92.2%
(Brown spot). The overall mAP_0.5 reached 95.2%, a 3.8%p improvement over the YOLOv11n baseline. With
7.8 GFLOPs and 3.5M parameters, the proposed model demonstrated a balanced performance, maintaining
high accuracy while reducing computational costs compared to the standalone BiFPN model. These results
validate that the proposed architectural combination effectively addresses the multi-scale and complex
background characteristics of rice diseases while successfully maintaining lightweight properties.

Figure 8: YOLOv11-LD.

Fig. 9 illustrates the visualization results of the ablation study. As observed from the figure, YOLO-LD
demonstrates the best performance. Notably, after incorporating the CBAM attention mechanism, there is a
significant improvement in the detection of dense small objects.
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Figure 9: Results of ablation experiment.

4.4 Comparison with Existing Detection Models
In this section, we evaluated the relative performance and efficiency of the proposed YOLOv11-LD

model in the context of rice disease detection by comparing it with existing representative object detectors.
The comparison models included the two-stage detector Faster Region-based Convolutional Neural Network
(Faster R-CNN), the one-stage detector SSD, and widely used lightweight YOLO variants: YOLOv5n,
YOLOv8n, and YOLOv11n. All models were trained and evaluated under identical dataset and experimental
conditions. Performance metrics, including mAP_0.5, Recall, GFLOPs, model size (Weights in MB), and
Frames Per Second (FPS), are summarized in Table 4.

Table 4: Comparison results of model performance.

Model mAP0.5/% Recall/% GFLOPs Weights/MB FPS
Faster-RCNN 61.7 53.9 205.3 112.5 14

SSD 70.3 61.9 121.5 67.3 19
YOLOv5n 79.7 76.8 5.9 6.4 27
YOLOv8n 87.6 85.3 6.9 8.4 35
YOLOv9t 82.9 75.1 6.7 5.8 32

YOLOv10n 85.5 80.2 8.4 10.6 30
YOLOv11n 91.4 87.5 6.4 4.3 41

YOLOv11-LD 95.2 91.7 7.8 4.5 52

Faster-RCNN, a traditional two-stage architecture, demonstrated the lowest accuracy with an mAP_0.5
of 61.7% and a Recall of 53.9%. Furthermore, its high computational cost (205.3 GFLOPs, 112.5 MB) and slow
inference speed (14 FPS) rendered it unsuitable for real-time rice disease detection. SSD similarly showed
limited accuracy (mAP_0.5 70.3%, Recall 61.9%) and possessed a model size (67.3 MB) and computational
load (121.5 GFLOPs) that imposed significant burdens for deployment on edge devices.

Among the YOLO series, YOLOv5n offered a relatively lightweight structure (5.9 GFLOPs, 6.4 MB,
27 FPS) with an mAP_0.5 of 79.7% and Recall of 69.5%; however, its accuracy was somewhat insufficient to
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serve as a standard for effective rice disease detection. YOLOv8n improved accuracy to 87.6% (mAP@0.5)
and 78.1% (Recall) but still required a trade-off between performance and efficiency.

To ensure a comprehensive evaluation against state-of-the-art object detectors, we further benchmarked
the model against the recently released YOLOv9-t and YOLOv10-n. YOLOv9-t, utilizing the Generalized
Efficient Layer Aggregation Network (GELAN) architecture, achieved an mAP@0.5 of 82.9% and a Recall
of 75.1%. While it demonstrated lower computational cost (6.7 GFLOPs) compared to YOLOv10-n, its
inference speed (32 FPS) and detection accuracy were suboptimal for this specific task compared to the
proposed method. Similarly, YOLOv10-n recorded an mAP@0.5 of 85.5% and a Recall of 80.2%. However,
it incurred a higher computational load (8.4 GFLOPs) and a larger model size (10.6 MB), with a relatively
lower inference speed of 30 FPS. In contrast, the proposed YOLOv11-LD significantly outperformed both
competitors, achieving 95.2% mAP and 52 FPS, proving that the specialized integration of RepViT and BiFPN
provides a distinct advantage for multi-scale rice disease detection.

The baseline model, YOLOv11n, exhibited superior comprehensive performance compared to YOLOv5n
and YOLOv8n, recording an mAP_0.5 of 91.4%, Recall of 84.5%, 6.4 GFLOPs, 3.9 MB, and 41 FPS.
However, the proposed YOLOv11-LD achieved the highest detection performance with an mAP_0.5 of
94.5% and Recall of 91.7%. Despite these gains, the increase in computational load and parameter count
compared to YOLOv11n was marginal (7.8 GFLOPs, 4.5 MB). Notably, the FPS reached 52, representing an
approximate 26.8% improvement over the baseline YOLOv11n (41 FPS), demonstrating the best results for
real-time processing.

In summary, when compared to existing two-stage and one-stage object detection models, YOLOv11-
LD offers the most outstanding balance in terms of accuracy, efficiency, and real-time capability, confirming
it as the most suitable candidate for edge device-based rice disease detection systems.

4.5 Qualitative Analysis of Detection Performance
To visually evaluate performance, we conducted inference tests using identical test images across

all models, as illustrated in Fig. 10. The results demonstrate that YOLO-LD achieved significantly higher
detection accuracy and confidence compared to the other methods. Conversely, the YOLOv5n model
exhibited a critical limitation, with frequent instances of missed detections. Similar issues regarding missed
detections were also observed in the YOLOv8n and YOLOv11n models, highlighting the superior robustness
of the proposed YOLO-LD.
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Figure 10: Comparison results of model performance.

5 Conclusion
In conclusion, this study proposed YOLO-LD, a lightweight and enhanced model based on YOLOv11n,

developed to address the diverse types of rice diseases and the significant scale variations among targets. To
support this research, we constructed a dataset comprising three multi-scale targets Bacterial blight, Rice
blast, and Brown spot and secured model robustness through data augmentation techniques.

In terms of network architecture, we redesigned the backbone by incorporating the RepViT module
and optimized detection performance by integrating BiFPN and CBAM. Experimental results demonstrated
that YOLO-LD achieved an mAP of 94.5% and a Recall of 91.7%. While the proposed model exhibits
a marginal increase in parameters (2.5M to 3.5M) and computational cost (6.4G to 7.8 GFLOPs) com-
pared to the baseline, it achieves a substantial accuracy improvement of 3.8% (mAP@0.5). Furthermore,
compared to other state-of-the-art lightweight models such as YOLOv10-n (10.6M), YOLOv11-LD remains
significantly more compact and efficient, proving its superior operational feasibility in resource-constrained
embedded environments.

Limitations and Future Work: Although the proposed YOLOv11-LD demonstrates superior perfor-
mance in identifying specific rice diseases, the current dataset is limited to three disease classes and
does not explicitly include a ‘healthy’ or ‘other’ class. In real-world paddy fields, this limitation could
potentially lead to false positives where healthy leaves or unrelated background objects are misclassified
as diseases. Future research will address this by expanding the dataset to include healthy samples and a
wider variety of environmental distractors to enhance the model’s robustness and practical applicability in
open-field scenarios.
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