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Rice pest detection via multi-
scale edge network and wavelet
attention enhancement

Xinyue Huang and Ruoxuan Zhou*

School of Software Engineering, Jiangxi University of Science and Technology, Nanchang, China

Rice pest detection faces critical challenges including small target recognition
dif culties, high morphological similarities, and complex eld backgrounds. This
study proposes BEAM-YOLO (Bi-branch Edge Attention Multi-scale YOLO) to
address these limitations.We constructed the JRICE-PD dataset encompassing
11 economically signi cant rice pests (4,565 images) and developed four
innovative modules: a Multi-scale morphological Edge Network (MEN)
enhancing feature discrimination; a Bi-branch Attention Feature Enhancement
(BAFE) module utilizing Haar wavelet transform for foreground-background
separation; an Enhanced Multi-scale Bidirectional Feature Pyramid Network
(EM-BFPN) optimizing information interaction; and a Spatial-Channel
Augmented Upsampling (SCAU) improving small target detection.BEAM-YOLO
achieves 86.6+0.5% mAP@50 and 72.7+0.9% mAP@50-95, outperforming
YOLOv11l by 3.3% and 3.0% respectively, while maintaining relatively low
computational overhead and parameter count. This research provides reliable
algorithmic support for intelligent agricultural pest monitoring systems,
contributing to precision agriculture advancement and application.
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1 Introduction

Rice, as one of the world’s most crucial food crops, provides a fundamental source of
nutrition for more than half the global population and plays a vital role in maintaining
global food security (Bailey-Serres et al., 2019). However, rice production faces severe
threats from pests and diseases. According to statistics from the Food and Agriculture
Organization (FAO), annual global crop losses due to pests are estimated at 20-40% (Rizzo
et al., 2021). Therefore, timely and accurate identi cation and detection of rice pests and
diseases is of signi cant importance for ensuring food security, improving agricultural
production ef ciency, reducing pesticide use, decreasing environmental pollution, and
promoting sustainable agricultural development (Li S. et al., 2022).

Traditional rice pest and disease detection primarily relies on the experiential judgment
of agricultural experts and eld surveys. This approach is limited in scope, time-consuming,
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labor-intensive, and inherently subjective (Jiang et al., 2008).
Speci cally, conventional methods include manual eld
inspection, yellow sticky trap attraction, light trapping techniques,
and laboratory microscopic examination (Thenmozhi and Reddy,
2019). Though these traditional methods have certain value under
speci ¢ conditions, they generally suffer from low ef ciency,
unstable precision, and dif culties in large-scale automation,
making them inadequate for meeting the precise and intelligent
development needs of modern agriculture (Preti et al., 2021).

In recent years, numerous classical deep learning architectures
such as AlexNet, VGGNet, Inception, ResNet, and DenseNet have
been applied to agricultural pest detection (Li et al., 2020; Lu et al.,
2025a). These methods can automatically extract hierarchical
features from images without requiring manually designed feature
extraction algorithms, signi cantly improving detection accuracy
and ef ciency. For instance, Hasan et al (Hasan et al., 2019).
proposed an integrated approach combining support vector
machines with deep convolutional neural networks, which
markedly improved the accuracy of rice pest and
disease recognition.

Object detection-based methods have become increasingly
widespread across various elds and, due to their advantages in
real-time performance and localization accuracy, have emerged as
one of the mainstream approaches for rice pest and disease
detection (Venkateswara and Padmanabhan, 2025). Object
detection technology not only identi es the types of pests and
diseases in images but also precisely locates their positions, enabling
the possibility of precision pesticide application. As a leading
method in object detection research, the YOLO series has
inspired numerous improvements. Zheng et al (Zheng et al.,
2024). proposed Rice-YOLO, a lightweight pest detection
algorithm based on YOLOV5. This model, built upon YOLOVS-N,
incorporates an ef cient detection head designed for the complex
characteristics of pests, while introducing deep supervision
techniques and an improved dynamic upsampling module,
achieving excellent detection performance on the large-scale
public 1P102 pest dataset and R2000 dataset.Lu et al (Lu et al.,
2025b). developed IMobileTransformer, a fusion-based lightweight
model that integrates MobileNet’s local feature extraction with
Transformer’s global dependency modeling through a three-
branch architecture, demonstrating the effectiveness of hybrid
lightweight architectures for rice disease identi cation. Xiong et al
(Xiong et al., 2024). addressed the problem of rice pest detection in
complex agricultural environments by optimizing the YOLOVS8
model, introducing the CBAM (Convolutional Block Attention
Module) attention mechanism and BiFPN (Bidirectional Feature
Pyramid Network) for feature fusion, signi cantly improving
detection precision in complex agricultural environments.

Despite signi cant progress in YOLO-based rice pest and
disease detection, several challenges persist in practical
applications. Firstly, conventional convolutional structures
struggle to extract detailed features of minute pests, and
increasing network depth leads to degradation of edge
information, affecting the ability to distinguish morphologically
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similar pests. Existing models have not achieved optimal balance
between computational ef ciency and detection precision
(Chakrabarty et al., 2024). Secondly, the low contrast between
pests and complex eld backgrounds causes feature confusion
problems, particularly under non-uniform lighting and occlusion
conditions. Single spatial attention mechanisms cannot
simultaneously capture multi-scale morphological variations and
low-contrast features, resulting in detection instability (\Wang et al.,
2025). Finally, traditional feature pyramid networks lack adaptive
fusion capabilities for multi-scale features and fail to differentiate
contribution degree variations among different resolution features,
making individual recognition dif cult in densely distributed
scenarios and limiting overall detection performance (Prasath and
Akila, 2023).

To address these challenges, this paper proposes an improved
YOLOv11 (Khanam and Hussain, 2024) model—Bifurcated Edge-
Attention Multi-scale YOLO (BEAM-YOLO)—for high-precision
real-time detection of rice pests and diseases. The main
contributions of this research are as follows:

1. We constructed a high-quality rice pest dataset named
JRICE-PD, comprising 4,565 images across 11
economically signi cant pest species. The dataset
integrates multi-source acquisitionwith a three-tier expert
review mechanism, ensuring both ecological authenticity
and annotation consistency.

2. We propose the Morphological Edge Network (MEN)
module to address edge information degradation in deep
networks. Through multi-scale adaptive pooling and an
EdgeEnhancer mechanism, MEN effectively captures ne
morphological features of minute pests and enhances
discrimination capability for morphologically
similar species.

3. We design the Bifurcated Attention Feature Enhancement
(BAFE) module to resolve foreground-background feature
confusion. By employing Haar wavelet transform for
frequency domain decomposition and a cascaded dual-
attention mechanism, BAFE effectively separates pest
targets from complex agricultural backgrounds under
varying lighting and occlusion conditions.

4. We propose an Enhanced Multi-scale Bidirectional Feature
Pyramid Network (EM-BFPN) to overcome the limitations
of traditional FPNs in adaptive feature fusion. The Adaptive
Feature Fusion Mechanism (AFFM) dynamically adjusts
feature contributions across scales, while the Multi-scale
Convolution Module (MSCM) enables gradient receptive

eld coverage for improved detection in dense
distribution scenarios.

5. We introduce a Spatial-Channel Augmented Upsampling
(SCAU) module that combines channel shuf ing with
Multi-Directional Feature Shifting (MDFS) to enhance
small target detection sensitivity without increasing
computational overhead.
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2 Materials and methods

2.1 Data collection

This study established a rice pest dataset named JRICE-PD. The
data collection site was located in Nanchang City, Jiangxi Province
(28 40 ~29 05 N, 115 45 ~116 15 E), one of China’s major rice-
growing regions (Yang et al., 2021).

The dataset encompasses 11 common and destructive rice pests,
as shown in Figure 1: Curculionidae, Delphacidae, Cicadellidae,
Phlaeothripidae, Cecidomyiidae, Hesperiidae, Crambidae,
Chloropidae, Ephydridae, Noctuidae, and Thripidae. Field data
collection was conducted between June and September 2024
across approximately 50 hectares of paddy elds, covering the rice
growing season from tillering to maturation stages. Images were
captured using iPhone 13 (12MP, f/1.6 aperture) at shooting
distances of 10-50 cm, yielding 2,164 original images at
4032 3024 pixels resolution. Camera settings included auto-focus
with exposure compensation of -1.0 to +1.0 EV for varying lighting
conditions. Additionally, 2,401 supplementary images were
collected from online resources including Google Scholar and
Baidu Images, constructing a comprehensive dataset of 4,565
images (Figure 2). All images were resized to 640 640 pixels
for training.

Data annotation employed the Labellmg tool following YOLO
format with a “tight bounding box” principle (Figure 3). An
annotation team comprising two entomological experts and three

10.3389/fpls.2026.1748419

trained annotators performed annotations under a three-tier quality
control mechanism. Annotation consistency was quanti ed using
Intersection over Union (IoU) between independent annotations on
200 randomly sampled images, achieving a mean loU of 0.91.
Annotations with loU below 0.85 were re-annotated until
consensus was reached.

The dataset was divided into training (3,652), validation (456),
and test (457) sets at an 8:1:1 ratio.

2.2 YOLOV11 baseline framework

YOLOv11 represents one of the most advanced single-stage
object detection algorithms currently available, incorporating
multiple improvements in network structure and feature
extraction compared to previous versions. The basic architecture
of YOLOV11 comprises three main components: Backbone, Neck,
and Head, with its network structure illustrated in Figure 4.

The backbone network is responsible for extracting multi-scale
features from input images. It rst downsamples the image using
initial convolutional layers, then generates feature maps of different
resolutions through stacked convolutional layers and specialized
modules. The neck network aggregates multi-scale feature maps
from the backbone network, fusing and enhancing features before
passing them to the detection head. It primarily consists of multiple
convolutional layers, C3k2 blocks, Concat operations, and
upsampling modules. The neck network rst upsamples the low-

FIGURE 1

Rice pest species, where (A) is Delphacidae, (B) is Crambidae, (C) is Cecidomyiidae, (D) is Phlaeothripidae, (E) is Thripidae, (F) is Chloropidae, (G) is
Ephydridae, (H) is Cicadellidae, (1) is Noctuidae, (J) is Hesperiidae, (K) is Curculionidae.
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FIGURE 2
Bar chart showing speci ¢ quantities of pest species in the dataset.
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level features (P5) processed by SPPF and C2PSA to the size of mid-
level features (P4) and connects them with P4 features; it then
upsamples the connected features to the size of high-level features
(P3) and connects them.

The detection head is the nal component of the model,
responsible for generating prediction results. It receives three
features from the neck network, corresponding to high-level, mid-
level, and low-level features. The detection head utilizes these three
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features for focal loss calculation, bounding box detection, and
class detection. This design enables YOLOv11l to achieve
ef cient and accurate object localization and classi cation in
application scenarios.

3 Methods
3.1 BEAM-YOLO network structure

The BEAM-YOLO network architecture proposed in this study
is algorithmically optimized for rice pest detection tasks,
establishing an ef cient and precise end-to-end detection
algorithm through the synergistic action of four innovative
modules. The work ow of BEAM-YOLO can be divided into
three key stages: feature extraction, feature fusion, and multi-scale
detection, with the overall network structure shown in Figure 5.

In the feature extraction stage, the network rst establishes
initial feature representation through standard convolutional layers,
followed by deployment of the MEN module for feature
enhancement. The MEN module constructs multi-scale feature
representation through the MSF structure while simultaneously
reinforcing edge feature extraction, signi cantly improving the
discriminative ability for morphologically similar pests. The
Bifurcated Attention Feature Enhancement (BAFE) module
integrated at the backbone network terminus utilizes Haar
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wavelet transform to decompose features into foreground and
background components, and establishes contrast enhancement
effects through a dual attention mechanism, effectively resolving
foreground-background feature confusion problems in complex
eld environments.

The feature fusion stage employs the EM-BFPN structure to
bidirectionally fuse P3, P4, and P5 three-level features extracted by
the backbone. EM-BFPN adopts top-down transmission of
high-2level semantic information and bottom-up aggregation of
re ned spatial details. The network integrates the MSCM module
for feature processing, which applies convolution kernel
combinations of {1,3,5}, {3,5,7}, and {5,7,9} respectively according
to the receptive eld requirements of different feature levels,
forming a gradient multi-scale feature expression. In the feature
upsampling process, the innovative SCAU module is employed,
signi cantly expanding the receptive eld range without increasing
computational burden through depth-separable convolution,
channel shuf ing, and multi-directional spatial shifting operations.

In the multi-scale detection stage, the network constructs a
highly optimized detection head structure, outputting detection
results in parallel at P3, P4, and P5 feature levels, achieving
precise localization and classi cation of pest targets of different
scales. The three feature levels work collaboratively, forming a
detection range covering multiple scales, effectively addressing the
detection challenges posed by signi cant size variations among
rice pests.

frontiersin.org


https://doi.org/10.3389/fpls.2026.1748419
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Huang and Zhou

10.3389/fpls.2026.1748419

— SCAU
—— Downsample

— Copy

reg loss
E-cls loss
dﬂ loss

| Backbone | | Neck | e head I
FIGURE 5
BEAM-YOLO network structure.
3.2 MEN module combination of multi-scale feature representation and edge
information enhancement mechanisms.
Conventional convolution operations often neglect ne The MEN module is innovatively designed based on the Cross

morphological features of small pests, reducing detection
precision. Moreover, edge information progressively attenuates as
network depth increases. To address these issues, this study
proposes the Morphological Edge Network (MEN) module for
restructuring the backbone network architecture, as shown in
Figure 6. This module signi cantly enhances rice pest detection
accuracy and environmental robustness through the organic

Stage Partial (CSP) structure, organically combining feature
extraction with information enhancement mechanisms. This
module receives an input feature map X RM" W Cn and
generates an enhanced feature map Y R" W Ca through
complex nonlinear transformations. The overall transformation
process can be described by the following uni ed expression, as
shown in Equation 1:

DPM

FIGURE 6
MEN model work ow.
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represents element-wise addition operation,

represents element-wise subtraction operation.

Y = Ffusion Concat XllXZ! Mqi X2 (1)

In this formula, X; and X, are two parts of features split along
the channel dimension after the input feature X undergoes 1 1
convolution, M, represents the MPM transformation function
with parameters g;, n denotes the number of enhancement units in
the module, and F o, is the nal feature fusion function, typically
implemented by 1 1 convolution.

Within the module, DPM serves as the basic unit implementing
cross-feature enhancement. This unit adopts a dual-path design,
signi cantly enhancing the model’s feature expression capability.
Assuming an input feature X, the output feature Z of the unit can be
expressed as shown in Equation 2:

n
i=1

Z = G(ConcatiE(one P (X)), Q(X) ) 2

where P and Q represent two parallel 1 1 convolution paths,
E denotes a tandem sequence composed of MSF units, and G is the
fusion function integrating features from both paths. Compared to
traditional CSP structures, our design introduces more complex
edge-aware mechanisms in the feature extraction path, substantially
enhancing the model’s detection capability for pest contours.

MSF focuses on achieving multi-scale feature acquisition and edge
information enhancement, with its structure shown in Figure 7. This
module adopts a multi-branch parallel architecture, simultaneously
processing feature expressions of different abstraction levels. Given an
input feature X~ R™ W € the mathematical expression of the entire
module can be uni ed as shown in Equation 3:

Fout = F ConcatiL(X), T 3 As(X) g5 s ?3)

In this expression, L represents the local feature extraction
function, implemented through 3 3 convolution; S=
51,5, ...,5¢g denotes a set of prede ned scale parameters (e.g.,
T3,6,9,129); A, is the adaptive pooling and feature transformation
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function at scale s; T represents the transformation function
including upsampling and edge enhancement; and F is the nal
feature fusion function.

In the multi-scale feature path, the EdgeEnhancer submodule
plays a crucial role, designed to strengthen target edge information
and enhance the model’s perception of pest contours. Given an
input feature X, the processing of EdgeEnhancer can be
mathematically formulated as shown in Equation 4:

Ewt =X+X s HX Py(X) (4)
In this formula, P, represents the average pooling operation,
used to simulate background information of local regions; X
Py (X) calculates the difference between the original feature and
its smoothed version, explicitly extracting edge information; H is a
nonlinear transformation function composed of convolutional layers;
s denotes the Sigmoid activation function, mapping edge features to
the %0,1 interval as attention weights; and represents the
Hadamard product (element-wise multiplication). Through this
adaptive attention mechanism, the module can precisely enhance
feature responses in pest edge regions while suppressing background
noise, signi cantly improving detection accuracy and robustness.
The MEN module proposed in this study, by parallel integration
of adaptive average pooling operations with different receptive
elds, constructs a feature extraction path with hierarchical multi-
scale representation capabilities, effectively capturing discriminative
feature information of pests of different sizes. The EdgeEnhancer
design in this module, through ef cient extraction and
enhancement of edge information, signi cantly improves the
model’s discrimination capability for ne morphological features
of pests, demonstrating superior recognition performance and
classi cation accuracy especially for morphologically similar
pest species.
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3.3 BAFE module

Although the Cross-Stage Partial Spatial Attention (C2PSA)
module has achieved remarkable success in object detection, it
struggles to discriminate features between pest targets and rice
plants, resulting in false positives and false negatives in complex eld
environments. Single spatial attention mechanisms struggle to capture
multi-scale morphological variation features of pests. To address these
issues, this paper proposes a novel Bifurcated Attention Feature
Enhancement (BAFE), with its structure shown in Figure 8. This
module signi cantly improves rice pest detection precision through
wavelet transform separation of foreground and background
information and the introduction of a dual attention mechanism.

The BAFE module employs frequency domain deconstruction
and contrast-driven cascaded attention mechanisms, achieving
ef cient feature enhancement and aggregation. Given an input
feature map X R® ¢ H W the module rst performs initial
feature optimization through an input preprocessing network F;,,
then obtains enhanced features Y through a series of transformation
operations. The core component HaarWaveletConv (Su et al., 2024)
achieves frequency domain decomposition of features based on
discrete Haar wavelet transform principles. This component maps
input features to different subbands in the wavelet domain through
a set of prede ned convolution kernels. Speci cally, for input
feature X, the wavelet transform process can be expressed as
shown in Equation 5:

W =H(X) = XxYyjd fa h,v,dgg 5)

10.3389/fpls.2026.1748419

where Y, Y, Y,, and Y, represent Haar lIters for
approximation (low-pass), horizontal, vertical, and diagonal
(high-pass) directions respectively, and denotes the
convolution operation.

Speci cally, the HaarWaveletConv employs xed (non-
learnable) Haar wavelet lIters initialized according to the
standard discrete Haar transform coef cients: W, = %:‘1@1, 11,1, W,
=31 L11,W, =34 1,1 1,1,and Wy =341, 1; 1,1.The
convolution operation uses a stride of 2 and no padding, effectively
downsampling the feature map by a factor of 2 while decomposing
it into frequency subbands. These Iter weights remain frozen
during training to preserve the mathematical properties of the
Haar wavelet transform.

Among these four subbands, the approximation subband W,
contains low-frequency structural information of the image, while the
remaining three high-frequency subbands fW,, W,, Wyg capture
edge and texture details in different directions. In our
implementation, these high-frequency subbands are fused into a
single high-frequency feature representation Fyg, = Wy, + W, + Wy,
which, together with the low-frequency feature Fy,, = W,, provides
the foundation for subsequent contrast-driven processing. After
obtaining frequency domain decomposed features, the module uses
a dual attention mechanism to process high-frequency and low-
frequency information separately. The foreground attention stage

rst constructs a spatially sensitive attention map based on high-
frequency features. Given the deformed feature V. RE M L K dh
foreground attention calculation can be represented as shown in
Equation 6:

FIGURE 8
BAFE work ow diagram, where HWC represents HaarWaveletConv,

represents broadcast element-wise multiplication.
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